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Field trials are one of the essential stages in agricultural product development, enabling the validation 
of products in real-world environments rather than controlled laboratory or greenhouse settings. 
With the advancement in technologies, field trials often collect a large amount of information with 
diverse data types from various sources. Managing and organizing extensive datasets can impose 
challenges for small research teams, especially with constantly evolving data collection processes with 
multiple collaborators and introducing new data types between studies. A practical database needs 
to be able to incorporate all these changes seamlessly. We present DynamoField, a flexible database 
framework for collecting and analyzing field trial data. The backend database for DynamoField is 
powered by Amazon Web Services DynamoDB, a NoSQL database, and DynamoField also provides a 
front-end interactive web interface. With the flexibility of the NoSQL database, researchers can modify 
the database schema based on the data provided by various collaborators and contract research 
organizations. This framework includes functions for non-technical users, including importing and 
exporting data, data integration and manipulation, and performing statistical analysis. Researchers 
can utilize cloud computing to establish a secure NoSQL database with minimum maintenance, this 
also enables collaboration with others worldwide and adapt to different data-collecting strategies as 
their research progresses. DynamoField is implemented in Python, and it is publicly available at  h t t p s :  / 
/ g i t h  u b . c o m  / C o m p  u t a t i o n a l A g r o n o m y / D y n a m o F i e l d     .  
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The global population is projected to reach 8.5 billion people by 2030 and is expected to increase to 9.7 billion by 
20501. As a result of the rapidly growing population, the demand for food production will increase dramatically 
in the foreseeable future. In addition, the ongoing climate change will also have unpredictable effects on crop 
production. Researchers from academic and industry sectors share a common goal of addressing these challenges 
and ensuring we can produce enough food for the fast-growing world population2–4. Several potential solutions 
include improving existing agriculture practices and management systems, breeding new and resilient seed 
varieties to increase crop yield, and discovering sustainable agricultural biological products to replace chemical 
products5.

Researchers and farmers collaborate to develop new agricultural products, including new seed varieties, 
chemical or biological products such as fertilizers, and farming management practices and techniques6. Due 
to the variation of the natural environment, agricultural products or practices often require additional testing 
beyond labs and greenhouses. Therefore, rigorous field trials are essential to the validation processes7,8.

With advances in technology, field trials have collected a large amount of diverse data. These include 
standard information such as experimental design, treatments, aerial images captured by drone technology, 
and continuous time series data such as weather information9. Collectively, these data provide researchers 
with information from different points of view and help them make more accurate decisions. Ultimately, these 
agricultural products tested in field trials will improve crop yields, food security, and sustainability.

As the number of trials increases, recording and organizing a large amount of data becomes more challenging. 
A Database is one of the most efficient ways to manage and organize field trial data. An efficient usage of the 
database ensures the reliability of data storage and tracks the relationship between different types of data. At the 
same time, using a database promotes collaboration among researchers within an organization and makes it 
easier to share data among farmers and external researchers. Establishing a secure global-scale database capable 
of facilitating collaboration between many researchers is challenging. This challenge grows when maintaining 
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a server with high-security standards. The cost of infrastructure, security and upkeep could impose significant 
costs for small research teams10,11.

Common databases paradigms
There are several different paradigms of databases, some commonly used, including flat file, relational, and 
NoSQL databases12. The flat file database is the simplest and easiest to use; all data is stored in a table or 
spreadsheet format. The advantages of this approach are that it is user-friendly and has a minimum learning 
curve. However, the disadvantage of this database system is that it does not record the structure of the data. Some 
widely used spreadsheet programs, such as Microsoft Excel or Google Sheets, provide great user interfaces with 
this type of database.

The relational database is one of the most widely used databases13,14. There are several paradigms and 
implementations, including both commercial versions, such as Oracle and MS SQL, and open-source alternatives, 
such as PostgreSQL, MariaDB, and SQLite. A powerful and versatile database requires rigorous database design, 
and it can be challenging to adapt a new database design rapidly, which requires understanding the underlying 
relational structure and technical skills to update it. The advantages of the relational database lie in its rigorous 
and robust frameworks to store large amounts of data and the ability to execute complex queries to retrieve 
information efficiently.

The NoSQL database, which stands for “Not Only SQL”, can go beyond the limitations of traditional relational 
or SQL-based databases. NoSQL databases are more flexible and can manage unstructured or semi-structured 
data15. In recent years, the NoSQL database has gained popularity and is predominantly used for Big Data 
analysis16,17. There are several sub-types of NoSQL databases; each has its own strength and is tailored to specific 
use cases. NoSQL databases can be divided into four major categories, and some implementations include 
features from more than one category18,19: (1) Document-oriented databases: Store and retrieve data in flexible 
and self-describing document formats. Some commonly used formats include JavaScript Object Notation 
(JSON) and Extensible Markup Language (XML); (2) Key-value database: Store data as key-value pairs, where 
each value is associated with a unique key; (3) Column-oriented databases: Organize data in columns rather 
than rows, allowing for efficient retrieval of columns; (4) Graph databases: Represents data as nodes and edges 
to enable efficient traversal and analysis of complex interconnected data.

Existing database for field trials
Agriculture field trials collect large amounts of data in a wide range of formats across multiple time points. 
There are several existing solutions for this, most of which are built based on relational databases. There are 
many software tools, both commercial and open source, available for managing and analyzing agriculture field 
trial data. Some commonly used commercial software include QuickTrials by RESONANZ Group  (   h t t p s : / / w 
w w . q u i c k t r i a l s . c o m /     ) , Croptracker by Dragonfly IT (https://www.croptracker.com/), CropTrak  (   h t t p s : / / w w w 
. c r o p t r a k . c o m     ) , Cropwise by Syngenta (https://www.cropwise.com/), and Agriculture Research Management 
(ARM) by GDM solution (https://gdmdata.com/). These commercial software packages are designed to store 
and analyze many field trials. They incorporate sophisticated analytic functions for analyzing a diverse range 
of field trial experiments. Nevertheless, commercial software products are not always the most practical and 
efficient solution for small research teams or farmers who conduct their own on-farm research trials.

Commercial products typically have a substantial one-time purchasing cost or recurrent annual fee. The 
licensing agreement might also impose restrictions on the number of concurrent users. Feature-rich software 
often comes with a steep learning curve and sometimes requires in-depth knowledge of the backend database. 
Some programs come with specific hardware or infrastructure requirements. Lastly, researchers have limited 
capabilities to customize the analytic workflow. Some products provide a free version with limited features or a 
trial version with a limited period.

Alternatively, there are several open-source or non-commercial software that are publicly available, and 
they are freely available and provide various features for users to record and analyze field trial data. Examples 
include Agroportal (https://agroportal.lirmm.fr/)20 and Open Foris (https://openforis.org/)21, powered by 
the PostgreSQL database. Some applications also support mobile platforms, such as FieldBook by PhenoApp 
(https://www.phenoapps.org/)22. While storing data in a relational database is a great solution, there are some 
hurdles for researchers to utilize the database, especially for individual farmers and small-scale research teams.

One limitation of relational databases is the complexity of the underlying data structure, requiring in-depth 
knowledge to utilize their full capabilities. Users must have a solid understanding of the underlying relationship 
between each table in the database, which can be challenging. Another limitation due to the nature of field trials 
is that data provided by farmers and Contract Research Organizations (CROs) often lack consistency. Ongoing 
updates and maintenance are required to keep up with changes for the latest information. A few common 
approaches to address these issues include expanding the in-house information technology team, or out-source 
to external developers. While these are feasible solutions for large-size companies, they may not be optimal or 
practical for small-scale projects. Therefore, it is common for small-scale projects to record data in spreadsheet 
format, using software such as Microsoft Excel, Google Sheets, or Apple Numbers. These user-friendly software 
provide essential features for collecting and analyzing small amounts of data, especially when all data can be 
contained in a single spreadsheet.

Amazon Web Services and DynamoDB
Amazon Web Services (AWS) is one of the leading cloud computing service providers. Combined with other 
leading service providers, Microsoft Azure and Google Cloud, they hold more than 60% of the market share23,24. 
DynamoDB is a NoSQL database developed by AWS. It is a key-value database that is designed to provide 
versatile and flexible database services. AWS hosts the DynamoDB on the cloud and provides a highly scalable 
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service that enables users to work collaboratively online. AWS also released the standalone version of DynamoDB 
for users to host their own database locally. DynamoDB allows a very flexible framework, and the underlying 
data schema can be updated on the fly. This is ideal for projects that frequently change and evolve, or need to 
adapt to new requirements quickly25.

However, DynamoDB presents its own challenges for non-technical end users. The DynamoDB services itself 
does not provide a web-based interface for managing large amounts of data. There are several user interfaces 
available, such as AWS NoSQL Workbench or Dynobase. However, they require a solid understanding of the 
NoSQL database to constitute the database, or they are subscription-based. The primary method of interacting 
with DynamoDB is through AWS’s application programming interfaces (API), which are available in multiple 
programming languages, including Java, Python, Go, etc. The data requires to be converted to a specific JSON 
format in order to be imported to DynamoDB25. JSON format organizes data using a hierarchy structure with 
nested bracket pairs, the data is defined by name-value pairs26. This format is excellent for machines to transfer 
information, but it is challenging for humans to read and write manually. These hurdles impose significant 
challenges for researchers, agronomists, farmers, and CROs to utilize the DynamoDB database in a collaborative 
manner. For more information on additional features of DynamoDB, please refer to the supplementary material.

In this paper, we present DynamoField, a flexible NoSQL database framework designed specifically for small- 
and medium-scale agriculture field trials with a user-friendly web interface that enables collaborators around 
the world to access it on the cloud. The backend NoSQL database is powered by the DynamoDB developed by 
AWS, and utilizing the AWS global network to manage all servers and security for end users. Researchers across 
the globe can access and query the DynamoDB database. Although utilizing the NoSQL database and cloud 
computing in agriculture is not new, there are very few publicly available database schemas using NoSQL27,28. 
This schema allows end users to utilize the capabilities of the database, without designing and committing to 
the underlying relationship between different types of data. The highly flexible structure can adapt to various 
changes in protocols or CROs during multi-year field trials. The web-based user-friendly interface enables all 
researchers to utilize this flexible database without any technical knowledge of the NoSQL database. Users can 
search and query the databases without manually building complex queries in JSON format. In addition to 
storing data, this web interface is also capable of performing basic statistical analyses for field trial data. For 
other sophisticated or customized statistical analyses, researchers can export the data and analyze it with their 
own analytic pipeline.

Materials and methods
Field trial data
A very wide range of data can be collected depending on the purpose of an agriculture field trial. A simple 
trial may have minimal information or data collected, and more complex trials may have large amounts of 
information collected. The information collected can be divided into multiple different categories based on the 
nature of the data. Some are directly related to the actual trial, and often, these are predefined before trials 
are conducted, for example, the variety or cultivar of the seed and treatments that will be tested in each trial. 
Other information related to the entire trial, includes the physical location of the trial, GPS locations, owner 
or manager’s contact information, and so on. The majority of these data can be stored in categorical or semi-
structured format depending on the nature of the data, whereas GPS locations have a few different standard 
formats, including decimal and degree formats. These are likely to remain constant throughout the trial. 
Throughout the field trial season, additional information is collected at a trial or plot level, such as the farm 
management practices, irrigation systems and amounts, time and the amount of fertilizer or pesticides applied, 
soil analyses. This information is likely to come in free text format, and each farmer and CRO will have different 
recording systems. The intermediate reports regarding the plant population, yield, or disease status can be in 
numerical or categorical formats. Some data are collected at multiple different time points, which can be on 
regular or non-regular time intervals depending on the purpose of the trial. For example, weather, rainfall, and 
temperature data would benefit from time series analysis. These data are often collected systematically with a 
predefined format from the machine. At the end of the field trial season, if the trial is harvested, the final yield 
often concludes the trial data collection.

Field trial data and results are provided by multiple different CROs, university researchers, farmers, or from 
internal research. Data would be collected at multiple different time points, depending on the trial locations and 
the purpose of the trial. It is not always feasible to request all parties to provide data in identical format across all 
trials. Therefore, one major challenge for researchers is to transform raw data contributed from multiple parties 
to the same format in order to fit the structure of the relational database.

DynamoField
The DynamoField we proposed is a flexible framework with a graphical user interface that enables researchers 
to import data with minimum preprocessing. DynamoField utilizes the flexibilities of the NoSQL database 
paradigm, to transfer and integrate the data. This will reduce the amount of data preprocessing before importing 
it into the database and can incorporate various types of data from different parties. The database can handle a 
wide range of storage types, ranging from simple data type, such as numbers and characters, to more complicated 
data type, such as lists and maps. The database supports converting from a simpler storage type to a more 
complex one.

DynamoField uses DynamoDB as its backend NoSQL database, and it supports both cloud and local 
versions. The cloud version is a fully managed service on the cloud, where users do not need to maintain a local 
server. The cloud version also allows collaborators to access the database across the globe. The local version 
of the DynamoDB database can be deployed to an in-house server without depending on or paying for cloud 
computing. Users have full control with this version and developers are able to test applications locally. The 

Scientific Reports |        (2024) 14:29819 3| https://doi.org/10.1038/s41598-024-81609-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


local version runs with Java Runtime Environment (JRE) or a Docker container. There are several technical 
differences between the local and cloud versions of the database, and the details are described in the Amazon 
DynamoDB Documentation25.

The database framework we proposed is based on a few key requirements. This database allows users to create 
and modify the database schema on the fly, therefore users do not have to commit to a specific data structure. 
The database utilizes a composite key schema consisting of two keys: a partition key and a sort key;

• The partition key is the unique identifier for each field trial, this database will refer to this as field_trial_ID.
• The sort key is designed to store various information and different types of data associated with each field 

trial. The NoSQL database provides great flexibility and users do not have to impose a set of fixed rules on 
specifying the sort keys. In addition, sort keys do not have to be the same between field trials. This database 
schema will refer to this as record_type.

There are two major advantages of this approach. This establishes a generic and flexible framework for integrating 
a wide range of data. The composite key schema can incorporate new data types by adding new sort keys to the 
database. There are no limits to the number of different sort keys allowed to the database. In addition, this 
enables cost-effective usage of the database, as cloud computing can reduce IT personal and infrastructure costs. 
An example of the usage of a composite key in the database is illustrated in Fig. 1A, and an example of the AWS 
DynamoDB JSON format is shown in Fig. 1B. The schema presented here is designed for agriculture field trials. 
Nevertheless, it can be adapted for similar types of experiments, such as trials performed in growth chambers 
and greenhouse experiments. These experiments can have the same experimental designs, materials, treatments, 
and collect comparable data at the end of experiment.

The partition key, field_trial_ID, is required for every data point. The content of this identifier does not need 
a fixed naming schema as long as each trial can be uniquely identified. Researchers can determine their preferred 
method of specifying the field_trial_ID with their own naming convention. The scope of an agricultural field 
trial is generally determined by specific objectives and other parameters. Here, we defined a field trial as a self-
contained experiment, typically conducted at one single location with a fixed number of treatments. Most of 
the field trials are associated with an experiment design. This could be the Completely Random Design (CRD), 
widely used Random Complete Block Design (RCBD), or any other used design. This unique field_trial_ID 
is used for grouping all information associated with a specific field trial together, including seed information, 
treatment information, locations and farm management, weather, etc.

Within each field trial associated with a unique field_trial_ID, researchers collected a large amount of data 
that comprised multiple different data types, including the layout of experimental design, treatments of interest, 
location and contact information of the field trial, weather, final outcome of the trial, etc. Information collected 
for field trials is likely to change across different locations, CROs, and between years. There are several reasons 
that can contribute to this, including the scope and purpose of the trials, which can change over time. The 
amount of information collected is likely to increase as the project moves from a pilot study or proof of concept 
to large-scale validation studies. Lastly, trials may be conducted by different CROs in different years due to 
unforeseen and uncontrollable circumstances.

The DynamoField database framework organizes all data into multiple record_types, and each stores a 
different type of information. Furthermore, there is no requirement for each field trial to have the same number 
of data types, and not all data types are mandatory for every field trial.

Fig. 1. (A) Example of the usage of composite keys, partition keys: field_trial_ID and sort keys: record_type. 
The sort keys highlighted in yellow show that each partition key can have a variable number of samples for a 
sort key. The sort keys highlighted in blue show that missing values (NA) are allowed. The sort keys highlighted 
in green show not all sort keys are required for each partition key. (B) Example of the AWS DynamoDB JSON 
format.
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The scope of each record_type is defined by the research team. One can opt for a generic data type that 
encompasses a wide range of information. For example, one can have the “data_all_weather” type that includes 
everything related to weather, such as temperature, rainfall, humidity, wind, date, and time stamp for each record. 
This approach is illustrated in Fig. 2A. Alternatively, one can split this data into multiple different record_types. 
This can be beneficial when different data are generated from different instruments with different time periods. 
Researchers do not have to aggregate data prior to importing them into the database. For example, the “weather_
rainfall” data type only stores date information and the amount of rainfall per day, “weather_temperature” only 
stores daily records for maximum, minimum, and average temperature, and “weather_wind” only stores time 
information and wind speed and direction. This alternative approach is illustrated in Fig. 2B. Regarding the 
technical implementation of the DynamoField, the record_type acts as the sort key in the database. Along with 
the field trial ID, which is the partition key, these two keys are combined together to form the composite key. 
When multiple data points with the same field_trial_ID and same record_type, DynamoField will automatically 
append a non-duplicate suffix to the sort key field to ensure the uniqueness of the composite key.

Third-party collaborators, such as farmers or contract research organizations (CROs), conduct field trials 
and present the data in various formats. In addition, these third-party collaborators might change over the 
years, leading to different data formats across multiple years. Figure 3 illustrates the flexibility of DynamoField, 

Fig. 3. Illustration of DynamoField’s flexibility in accommodating data from multiple CROs across different 
years. DynamoField utilizes a composite key structure allowing seamless incorporation of new data each year 
without modifying the database structure. In contrast, relational databases require updating the schema and 
creating new tables for each CRO to accommodate varying data formats and types, such as boolean, integer, 
and categorical data.

 

Fig. 2. Example of flexible record_types creation for the database. The blue color represents the partition key, 
and the green color represents the sort key, which together form the composite key in the database. (A) Use 
a single sort key to collect all data relate to weather. (B) Users can break it into multiple sort keys, one for the 
rainfall and the other for temperature. These columns can be combined with the merging feature provided by 
DynamoField.
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where new data from new collaborators each year can be incorporated into the database without modifying 
the database structure. On the other hand, relational databases require updating the schema and underlying 
structures in order to incorporate new data for each new collaborator, which can be time-consuming and require 
technical expertise.

Security
Data security is critical for maintaining the database29. The security of DynamoField depends on the backend 
NoSQL database. For the local version, the access to the database is controlled by the local administration. 
DynamoField does not have separate accounts with different read and write permissions. Once the access is 
granted, users have full access to the database. For the cloud version of the database, DynamoField uses the AWS 
access token to control the access and usage. The in-house AWS account owners and administrators have full 
control over the access, reading, and writing permissions of each user. In addition, admins have the authority to 
revoke access at any time.

Results
Implementation
We developed DynamoField, a flexible database framework for collecting and analyzing field trial data. 
DynamoField provides a user-friendly front-end web interface, which removes the technical burden of accessing 
the backend NoSQL database. The interface for DynamoField is illustrated in Fig. 4, it is divided into three core 
sections and represented by three tabs. The server end “Database status” tab manages the connection to the 
backend database for both local and cloud servers, and queries and creates new tables. (Fig. 4A). The “Import 
data” tab lets users specify the record_type, and imports data from Excel and CSV formats (Fig. 4B). The “Query 
database” tab allows users to perform flexible queries using composite keys and other fields, retrieve data from 
the database, perform multiple data manipulations, and basic statistical analysis (Fig. 4C). In addition, users can 
export the full dataset or query results to CSV format and subsequently perform customized statistical analyses 
tailored to their experiments.

DynamoField is implemented in Python, which is available on all major operating systems.
The front-end web interface is built with the Dash framework. This framework handled all users’ inputs 

by reactive programming and triggered callback functions to perform various operations. These operations 
included connecting to the database, modifying the database tables, importing and exporting data, querying 
and searching data from the database, etc. The communication between the interface and the NoSQL database 
is handled by the Boto3 library. DynamoField includes built-in tests to ensure its accuracy and reliability, which 
maintains the quality of the software. The software architecture of this package is summarized in Fig. 5.

Import, query, and export
In order to import data into the database, DynamoField allows users to upload data in either Excel or CSV 
formats. Subsequently, it performs the data transformation and converts data into JSON format for end users. 
The default storage type for all data is characters, and the database supports users in modifying the storage 
type at any time. In addition, DynamoField performs several essential checks, verifying the presence of field_
trial_ID and record_type, which serve as partition and sort keys in the database, respectively. It also checks for 
the uniqueness of the composite key, and a distinct numerical suffix is appended to each record_type to ensure 
uniqueness for each key. DynamoField uses the Boto3 package to communicate and import the data into the 
database. DynamoField enables users to dynamically generate new keys on-the-fly during data import, this 
offers researchers the flexibility to introduce new record_type and store a wide range of data.

DynamoField provides multiple methods for users to query and retrieve data from the database. The 
most efficient operation is directly querying a known partition key, sort key, or composite key. Querying the 
partitioning key allows users to retrieve all information related to one or multiple field trials. On the other hand, 
querying the sort key alone can retrieve all data from the same data type. Querying the composite key allows 
users to retrieve information for a specific data type for a trial. In addition, DynamoField also provides the query 
feature to search any fields in the database. The query feature supports wild cards and partial text, allowing users 
to retrieve information using any criteria. DynamoField utilizes both the query and scan features and retrieves 
all information in JSON format, subsequently converting it into a human-readable table format. DynamoField 
provides the exporting function, and users can export the entire dataset, or query results to Excel or CSV format 
for downstream analysis. Both importing and exporting processes are illustrated in Fig. 6.

Data manipulation and integration
DynamoField provides multiple data manipulation and integration features. Several useful operations include 
merging multiple columns within the same record_type and merging data from different record_types together. 
These features reduce the burden of data preprocessing while data are provided by various CROs, university 
researchers, farmers, or internal researchers. All data can be imported into the DynamoDB database as it is. 
Data manipulation and merging data from multiple record_types can be performed in the database, and this 
feature is illustrated in Fig. 7. The merging process creates a new record_type, which concatenates two existing 
record_types together, this is used to prevent the loss of information. During the merging process, if two columns 
with exactly the same name and have identical records, these records will be combined together. This mimics the 
“join” operation in the relational database.

Large-scale field trials involve multiple parties, who could have very different practices and data collection 
workflow. Therefore, the naming conventions and data formats are likely inconsistent between these data 
providers. DynamoDB database allows each party to import the data into the database with their own naming 
conventions. Subsequently, researchers can merging multiple columns within the same record_type in the 
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database, this feature is illustrated in Fig.  8. The merging process is takes into account the composite keys, 
including both trial information and record_type, which can prevent conflicts to occur. In addition, the merging 
process will fail if two non-empty cells are merged together, users have to determine which datapoint do they 
want to use in the database.

Fig. 4. Demonstrate the user interface for DynamoField. (A) The “Database status” tab, allows users to 
connect to the database. (B) The “Import” tab, allows users to import data and create new composite keys. 
(C) The “Query” tab, queries and retrieves data from the database, performes merge columns and other data 
manipulation, statistical analysis, and exporting data.
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Application to the public dataset
DynamoField demonstrated its capability by integrating data from multiple field trials from the Online Farm 
Trials (OFT) hosted by Grains Research and Development Corporation (GRDC), Australia30. Seventeen farm 
trial projects were selected between 2013 and 2023 that satisfied the searching criteria “all cereal crops” and 
under Creative Commons license CC BY 4.0. The number of trials per project range between 1 and 31, and 
the number of features collected ranges from 17 to 62. The list of these projects can be found in Table S1. 
There are only 16 columns shared between all projects, such as"’Trial ID”, “Trial name”, and ‘Contributor’, etc. 
DynamoField allows each project to be imported independently. Subsequently, data manipulation, merging, and 
rearrangement of data from multiple projects can be performed within the database. In addition, queries across 
different projects and retrieving data for further analysis. These projects are included as example datasets with 
the DynamoField package on GitHub.

Discussion
With the improvement in technologies, researchers are able to collect more data for field trials. We are in the era 
of big data, and the NoSQL database is capable of handling huge amounts of data. NoSQL database schema can 
be adopted by large multinational projects with thousands of field trials across the world.

The flexibility of DynamoField provides researchers with the ability to modify the database as the project 
evolves and expands. The research teams do not have to predict future growth and potential data collection 
methods. The NoSQL database schema can be updated on the fly, and users are not required to commit to 
a predetermined database structure. This flexibility enables the incorporation of unexpected events, such as 

Fig. 5. Architecture for the Python implementation for DynamoField and communication to the NoSQL 
database. The blue box summarizes the user interface and actions are captured and passed to the next stage by 
the callback functions. The green box summarizes the underlying database operation performed by the Boto3 
library. This library also handles the communication between DynamoField and the database. The orange box 
represents the testing framework shipped with this package.
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Fig. 6. Demonstrates the import and export process of DynamoField. The original data is in the basic table 
format, such as MS Excel or CSV format. The blue dataset is imported with record_type treatment, and the 
yellow dataset is imported with record_type location. The DynamoField converts the data from table format 
to JSON format and then imports it into the backend database. Subsequently, it can be exported for further 
analysis.
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changes in CROs and rare natural disasters. The graphical user interface removes the burden of learning the 
technical details required to operate the backend database. The web interface also implemented several end-
user-oriented features, including data manipulation, exploratory analysis, plotting functions, and exporting 
functions for sophisticated analysis. In addition, DynamoField is open-source software implemented in Python, 
a cross-platform language available on any machine. This program can be run on most personal computers 
purchased within the last five years. We recommend that users run DynamoField on a computer with at least 
16GB of RAM, especially if they are working with a large amount of data.

For the backend NoSQL database, there are cloud and local versions of DynamoDB available for end users. 
The cloud version removes the burden of managing local servers and the resources associated with the IT 
team. However, if the research team stores large amounts of images or videos, extra costs will be accumulated 
depending on the data size. The local version is implemented in Java, which is also cross-platform and can be 
hosted on any local server. There are some drawbacks to hosting a local version of the NoSQL database. The local 
version has limited scalability and does not support parallel scan operations, making it less suitable for handling 
large workloads. Users are required to set up their own server infrastructure for the database. The exact cost and 
specifications of the server depend on the scope of the company and other factors such as the number of local 
users, remote collaborators, and backup strategies.

Conclusion
We present DynamoField, an ultra-flexible NoSQL database framework designed to collect, organize, and 
analyze agricultural field trial data. The web user interface removes the burden of learning database syntax 
format and technical details for end users. DynamoField can modify the data collection schema and incorporate 
a wide range of data types that are collected by multiple CROs and collaborators. Most of the existing software 
has yet to utilize the full potential of the NoSQL database. In the era of big data, the NoSQL database provides 
the flexibility and scalability to organize huge amounts of data.

Fig. 7. Illustration of merging data from two record_types, Treatment and Location, to create a new 
record_type called Treatment_Location, highlighted in blue. During the merging process, the location data, 
highlighted in green and yellow, are merged with the respective rows in the treatment data.

 

Scientific Reports |        (2024) 14:29819 10| https://doi.org/10.1038/s41598-024-81609-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Data availability
The datasets generated during and/or analysed during the current study are available in the GitHub - DynamoF-
ield repository, https://gith ub.com/Compu tationalAgro nomy/Dynamo Field.
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