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Abstract. Contemporary agrobiotechnology research increasingly relies on automated methods for capturing and
interpreting morphophysiological and spectral plant characteristics - a field known as digital phenotyping. This approach
aims to identify stable differences between genotypes cultivated under non-identical environmental conditions.
We previously introduced StatFaRmer, an open-source tool that we further develop here for comprehensive analysis
of temporal phenotypic datasets, with a primary focus on crops such as soybean (Glycine max). The tool implements
automated data preprocessing procedures, including synchronization of timestamps across samples and removal of
noise artifacts and outliers. These features are particularly relevant for multi-month experiments involving assessments of
growth parameters, fluctuations in photosynthetic apparatus area, or other biometric indicators. Support for standardized
data formats (XLSX, CSV) ensures compatibility with common phenotyping systems, simplifying cross-platform
integration. Thus, the tool can integrate with widely used HTPP platforms (e.g., Traitmill, HyperAlxpert, Plant Accelerator),
enabling data from diverse sources to be analyzed within a single pipeline. For soybean experiments, StatFaRmer
provides customizable analysis of variance (ANOVA) with visualization of diagnostic parameters (normality of distribution,
homogeneity of variances) and evaluation of effect significance between user-defined groups. An example application
compares growth parameters across 20 soybean cultivars under controlled stress: the tool automatically aggregated data
with uneven measurement frequencies (from 1 hour to 3 days), identified anomalies in hypocotyl elongation dynamics,
and computed statistical significance between groups (p < 0.01).The tool has been tested on large-scale datasets (over
2,000 measurements per experiment). StatFaRmer is implemented as a Shiny-based web application, with step-by-step
deployment guides for Windows and Linux. All processing stages — from raw data to final plots — are documented to
ensure transparency and compliance with research reproducibility standards. Thus, StatFaRmer offers a specialized
solution for statistical hypothesis testing in soybean digital phenotyping, reducing data preparation time and minimizing
risks of error when handling non-stationary time series.
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AHHoTauuA. CoBpeMeHHble UnCCNefoBaHNA B 00MacT arpoOMOTEXHONOMMIA BCE Yalle OMUPATCA Ha MeTofbl
aBTOMATU3MPOBaHHOW GUKCauMM 1 uHTepnpeTaumn MopdodU3MONOrMUYECKUX W CMEKTPASbHbIX XapaKTepucTuk
pacTeHuii — HampaBneHve, U3BECTHOE KaK LuMdpoBoe GpeHoTUNMpOoBaHUe. TOT NOAXOS HamnpaBfieH Ha ObHapy»KeHne
YCTOMUMBbBIX Pa3NMuMin MeXAy FeHOTUMaMU, KynbTUBUPYEMbIMMA B HEWAEHTUYHBIX YCNOBUAX cpefbl. PaHee 6bin
npepnoxeH StatFaRmer — MHCTPYMEHT C OTKPbITBIM KOAOM, COBEPLIEHCTBYIOLMIACA B pamMKax HacToswen paboTbl Ans
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Applicability of the StatFaRmer time series analysis tool
in soybean (Glycine max) digital phenotyping

KOMIMJIEKCHOTO aHanm3a BpemeHHbIX GeHOTUNUYECKNX HabopOoB AaHHbIX, MPEMMYLLECTBEHHO OPUEHTUPOBAHHBIN Ha
n3yyeHune CenbCKOXO3ANCTBEHHbIX KynbTyp, Takux Kak coA (Glycine max). Pa3paboTaHHbIi MHCTPYMEHT peanusyet
ABTOMATV3MpPOBaHHble NpoLeaypbl NPesobpaboTKM AaHHbBIX, BKAOYAA CUHXPOHU3ALUMIO BPEMEHHbBIX METOK MEXMY
obpasuamm 1 ycTpaHeHMe WyMOBbIX apTePaKTOB 1 BbIOPOCOB. DTV GYHKLMN OCOOEHHO aKTyanbHbl AJ19 MHOTOMECAYHbIX
SKCMEPVIMEHTOB, CBA3AHHbIX C OLEHKOW MapaMeTpoB POCTa, KonebaHui nnowaan GpoTOCMHTETMYECKOrO annapata
UM opyrux buomeTpuryeckux nokasatenen. MNoaaepxka ctaHAapTU3NPOBaHHbIX dopmMaToB AaHHbIX (XLSX, CSV) obec-
neymBaeT COBMECTMMOCTb C PacnpOCTPaHEeHHbIMK cucTeMamyt GeHOTUNMPOBaHMA, ynpoLaa KpoccniatGopMeHHyYo
MHTerpaumio. Takum o6pa3om, MHCTPYMEHT MOXET NOAAepPXKMBaTb MHTerpauumto ¢ nonynapHoimy HTPP-nnatdopmamm
(Hanpumep, Traitmill, HyperAlxpert, Plant Accelerator), yto no3BonseT WCNONb30BaTb AaHHble, MOJyYEHHble U3
Pa3NMYHbIX ICTOYHMKOB, B €ANHOM aHaNMTYeCKkoM KoHBelepe. [1na skcnepumeHToB ¢ coelr StatFaRmer npegoctasnaet
HacTpavBaemblil aucnepcroHHbin aHanu3 (ANOVA) ¢ BM3yanusaumen AnarHoCTUYeckmx napameTpoB (HOPManbHOCTb
pacnpefeneHuns, FoMOreHHOCTb ANCNEPCUIA) U OLEHKOI 3HAUMMOCTUN SPEKTOB MeX Ay Mosib30BaTeIbCKUMU FPynnamm.
MprmMep NpuMeHeHUA BKNoUYaeT CpaBHeHVe NapaMeTpoB pocTa 20 COPTOB COUN B YCIIOBUAX KOHTPONIMPYEMOTO CTpecca:
VNHCTPYMEHT aBTOMaTMYeCKN arpervpoBas AaHHble C HepaBHOMEPHOW YacToTon m3mepeHuin (oT 1 yaca Ao 3 cyToK),
NOEHTUOULMPOBAN aHOMaNUN B AVHaMIUKE YAMHEHUSA TMMOKOTWNIA U PacCcumTa CTaTUCTUYECKYHO 3HAUMMOCTb Pasnyuni
mexay rpynnamu (p < 0.01). IHCTpyMeHT NpoTecTpoBaH Ha MacluTabHbIx Habopax faHHbIX (6onee 2 000 n3mepeHnin Ha
JKCnepuMmeHT). StatFaRmer peanvsoBaH B Brae BeG-NpunoxeHna Ha nnatoopme Shiny ¢ MOWAroBbIMY NHCTPYKLMUAMUA
[nA yctaHoBKYM U1 3anycka B OC Windows 1 Linux. Bce 3Tanbl 06paboTKu — OT ePBUYHbBIX faHHbIX O UTOTFOBbIX rPadrKkos —
LOKYMEHTUPYIOTCA, UTo obecneymBaeT NPO3payHOCTb aHanm3a M COOTBETCTBME TpeboBaHMAM BOCMPOV3BOAUMOCTU
nccnefoBaHuii. Takum obpasom, StatFaRmer npepnaraeT cneunanusmMpoBaHHOe pelleHve ANA CTaTUCTUYeCKOn
BepumKaLmm runotes B LMPpPoBOM PeHOTUNMPOBaHNM COM, COKPaLLasa BPeMA Ha MOArOTOBKY AaHHbIX I MUHUMU3MPYA
PUCKM OINGOK Npu paboTe ¢ HeCcTaLMOHapPHBIMU BPEMEHHBIMU PAZaMU.

KnioueBble csioBa: BbICOKONPOU3BOAMTENbHOE GEHOTUNMPOBaHKE pacTeHWI; BU3yanu3aumna GeHOTUNNYECKNX JaHHbIX;
aHanu3 BpemMeHHbIX pAAoB; Udposble Nnatdopmbl GeHOTUNMPOBaAHNSA; FeHOTUN-GEHOTUNMYECKINIA aHann3; CTaTuCTye-
CKUI aHann3 GeHOTUMNNYECKMX AaHHbIX; MPOorpammMHoe obecrneyeHme C OTKPbITbIM MCXOAHbIM KOAOM; aBTOMaTU3MPOBaH-
HbIA aHaNM3 AaHHbIX

Introduction

Despite the rapid progress of genomics, phenotyping — the
assessment of external plant traits and characteristics — re-
mains a key bottleneck in accelerating breeding (Fasoula et
al., 2020; Patel et al., 2023). Traditional methods based on
manual measurements are labor-intensive, subjective, low-
throughput, and often require destructive sampling, making
them unsuitable for large-scale programs aimed at develop-
ing more productive and resilient cultivars (Atefi et al., 2021;
LiL.etal., 2023).

The solution is high-throughput plant phenotyping (HTPP),
a breakthrough technology in phenotypic research. This
approach integrates modern sensor systems (hyperspectral,
thermal, or fluorescence imaging, 3D reconstruction) and
machine learning methods for automated, non-destructive,
and precise plant analysis.

Traditional manual phenotyping suffers from major time
and cost demands, limited scalability due to throughput
constraints, subjectivity and variability, and a narrow set of
measurable traits (Thrash et al., 2022; Abebe et al., 2023;
Anand et al., 2023; Yuan et al., 2023). By contrast, digital
phenotyping offers substantial efficiency gains, continuous
and non-destructive measurements, improved accuracy
and objectivity, and the ability to quantify dozens of traits
simultaneously, greatly increasing data volumes (Li D. etal.,
2021; Anand et al., 2023; Buelvas et al., 2023; Gyan et al.,
2023; Li L. et al., 2023; Lu et al., 2023; Wang et al., 2024).

Modern HTP platforms generate massive volumes of
heterogeneous data, including images (RGB, hyperspectral,
thermal), 3D models, and sensor readings, reaching tera-
bytes per day. The key challenges are not only volume but
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also multimodality, the spatiotemporal nature of the data,

and the need for storage and data management. The lack of

standardized formats and the challenges of ensuring data

quality further complicate analysis (Coppens et al., 2017;

Morota et al., 2019; Danilevicz etal., 2021; Gill et al., 2022;

Ninomiya, 2022).

Statistical methods commonly used for phenotyping data
include the following model families:

- univariate and multivariate methods for hypothesis testing
and investigating relationships among plant traits. These
include correlation analysis, factor analysis (FA), and
principal component analysis (PCA) for dimensionality
reduction and identification of key traits (Rahaman et
al., 2015);

- random-effects regression models and models of multi-

factor interactions (e.g., genotype—environment interac-

tion) used to model dynamic phenotypic data (Morota et

al., 2019);

cluster analysis (hierarchical, k-means, etc.) to assess simi-

larities and differences among plants and stress responses

(Rahaman et al., 2015);

- machine learning and deep learning for processing large
and complex data, including classification, segmentation,
feature localization in images, and prediction of pheno-
typic responses. These approaches have advantages such
as revealing non-obvious correlations, but they often
require large training datasets and offer limited interpret-
ability (Coppens et al., 2017; Ubbens et al., 2025).

A variety of tools exist for comprehensive application
of the above methods. Among commercial solutions, one
option is Genstat, which provides comprehensive statistical
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analysis capabilities tailored for plant breeding. Its features

include spatial analysis, multi-treatment experimental

designs, genomic selection, and stability analysis tools
adapted to agricultural data. HortControl is the default tool
supplied with the TraitFinder platform (HortControl — Plant

Data Management Software, 2025) used by the authors. It

offers integrated data management for digital phenotyping

with BrAPI compatibility and includes some analysis tools,
but advanced analyses may require exporting .csv files and
using third-party tools.

There are also open-source tools. For example, R pack-
ages such as ASReml-R and pcvr offer specialized functions
for longitudinal growth modeling and spatial analysis of
phenotyping data (Sumner, 2025). These tools implement
advanced mixed-effects models and functional data analy-
sis methods but require programming expertise. Another
example is PIPPA (plant image phenotyping and analysis),
which provides web access to high-performance comput-
ing resources for image analysis pipelines (Coppens et al.,
2017).

To address similar tasks in longitudinal studies (a re-
search approach in which the same group of objects is ob-
served repeatedly over an extended period), we developed
StatFaRmer — an open R-based web tool with a two-stage
architecture: a Master Wizard for data processing and a Main
Application for statistical analysis that does not require pro-
gramming skills. At present, StatFaRmer includes:

- Master Wizard: project validation, DBSCAN clustering,
outlier filtering (Z-criterion/IQR), and technical data ag-
gregation;

« Main Application: automatic model selection (ANOVA/

mixed models/splines), multifactor analysis with post hoc

tests, diagnostics of normality and homogeneity of va-
riances, and analysis of effect sizes and growth curves;
interactive visualization with Plotly and high-resolution
export (SVG, PNG, PDF);

specialized modules: effect size analysis and growth

summaries;

- export of results in tabular formats.

The tool is optimized for longitudinal studies under
controlled conditions, supports two-factor interactions in
ANOVA models, and ensures transparency of statistical
conclusions. StatFaRmer fills the gap between specialized
software and researchers’ needs by offering flexible analysis
of complex phenotypic data.

Compared with standard HortControl, our R/Shiny-based
system offers greater flexibility in tailoring analyses to spe-
cific experiments and provides a deeper and more automated
statistical pipeline, whereas HortControl focuses more on
sensor data and basic calculations.

By comparison with existing statistical packages and
platforms (Genstat, ASReml-R, pcvr), these are powerful
but general-purpose statistical environments. They can do
everything required but demand substantial statistical knowl-
edge and/or programming skills to specify correct models,
especially for complex spatial and temporal data. In contrast,
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StatFaRmer automatically generates complex ANOVA
models, including all interactions, freeing researchers from
routine and error-prone coding. Also, unlike generic pack-
ages, StatFaRmer is designed out of the box for the specifics
of phenotypic data (repeated measures, outliers). Another
advantage is interactivity and visualization: the ability to
subset data interactively (by genotypes, treatments, temporal
clusters) and obtain instantaneous results for hypothesis test-
ing, which is a key benefit over traditional packages, where
such analyses require constantly rewriting code.

In this study, an updated vesrion of StatFaRmer (Ulya-
nov et al., 2025) is applied to data obtained from digital
phenotyping of a key agricultural crop — soybean (Glycine
max). The tool enables integration with platforms employing
diverse sensor systems (multispectral scanners, 3D cameras)
thanks to support for standardized data formats (XLSX,
CSV) and flexible parameter settings. This allows it to be
adapted to data collected both under controlled conditions
(e. g., climate chambers) and in field experiments, where ir-
regular measurement schedules and heterogeneous sources
require automated preprocessing. Standardization of input
data and StatFaRmer’s modular architecture ensure com-
patibility with systems such as Traitmill and PhytoOracle,
opening avenues for cross-platform studies.

The aim of this work was to present the capabilities of
StatFaRmer, to consistently demonstrate its functional poten-
tial for readers, and to describe enhancements implemented
since the previous publication.

Materials and methods

Experimental design and plant material. The study em-
ployed 50 soybean (G. max) cultivars of diverse origin (Rus-
sian and international breeding), differing in maturity time,
growth type, and recommended cultivation regions. Seeds
were treated with a fungicide before sowing, then sown to
a depth of 2 cm in moist peat in 500 ml pots (four seeds per
pot); after emergence, three plants were retained per pot.

Plants were cultivated under controlled climate chamber
conditions throughout the entire growing cycle. The experi-
ment included two treatments differing in lighting regimes
while keeping other microclimate parameters identical
(temperature, humidity, nutrient levels). Each treatment
comprised two biological replicates, yielding a total sample
of 200 plants (50 cultivars X2 treatments x 2 replicates).
Routine care included watering with room-temperature
water during the first 7-10 days, then as needed, and daily
application of mineral fertilizer after the appearance of
true leaves. For phenotyping, plants were randomized into
groups of 12 individuals; the final number of groups was
9 per treatment. A detailed description of experimental pro-
cedures and cultivation parameters is provided in (Ulyanov
et al., 2025).

Digital phenotyping. Scanning was performed on a
TraitFinder phenotyping system (Phenospex, Netherlands)
with two multispectral scanners operating in the follow-
ing wavelength ranges: red (R) 624-634 nm, green (QG)
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530-540 nm, blue (B) 465-485 nm, and near-infrared (NIR)
720-750 nm.

Plant phenotyping followed a scheme in which the al-
location of cultivars and treatments to blocks was recorded
in the embedded HortControl software and duplicated in
StatFaRmer tables for subsequent analysis. Plants were
distributed across the experimental area represented as a
layout — a virtual scheme reflecting the physical arrange-
ment of blocks and plants. All plants were divided into
blocks, each corresponding to one table with a unique iden-
tifier — 9 blocks in total. Blocks were further divided into
units corresponding to individual plants for data collection.
In HortControl, blocks were reserved for the experiment
and linked to biological information (genotype, treatment)
through metadata assignment.

Prior to scanning, plants were transported from climate
chambers to a dedicated phenotyping table, maintaining
identical positioning within predefined digital coordinates.
The procedure was performed in a darkened room with the
air conditioning system turned off to avoid artifacts caused
by airflow or changes in illumination. Each plant was posi-
tioned so that its center of mass coincided with the geometric
center of the scanning area, minimizing overlap of leaves
and shoots with neighboring samples. To stabilize plants
in pots, support structures made of green plastic rods and
black wire (spectrally neutral in the PlantEye sensor range)
were used.

Five consecutive scans were performed during the ex-
periment, with a total observation period of 20 days. We
recorded overall plant height and spectral indices (NDVI,
PSRI), computed from the multispectral sensor as follows:

Plant height average (mm): the average height of the top
10 % of plant points, minimizing the influence of external
factors (e.g., wind).

Spectral indices:

NDVI (normalized difference vegetation index):

NIR-RED

NDVI = NiR+RED"

Range: —1 to 1. Values > 0.66 indicate healthy photosyn-
thetic tissues.
PSRI (plant senescence reflectance index):

RED-BLUE
NIR

Used to evaluate leaf senescence.

Data preparation. Users can upload their own expe-
riments by placing projects in StatFaRmer/data/project
NAME/ after preparing the data as follows.

1. Base experiment archive. The project must contain a ZIP
archive (*_data.zip) including a CSV table exported from
HortControl with the raw data.

2. Manual adjustment table. A * handmade.csv file is re-
quired with the following columns:

— V.T.R —unique identifier of the biological sample (cul-

tivar/treatment/replicate);

PSRI =

Applicability of the StatFaRmer time series analysis tool
in soybean (Glycine max) digital phenotyping

— Treatment — treatment parameters (overrides the cor-

responding column in the source table);

— Cultivar.

These CSV files are prepared manually to enter plant meta-
data. For each plant’s unique identifier, specify its cultivar
and treatment; other per-plant data may also be provided.
3. Spatial mapping table. The * translation.csv file must

include:

— V.T.R — sample identifier;

— T:X:Y — sample coordinates corresponding to the unit

column in the source data.

These CSV files are prepared manually so the program
can link the imported data in item 1 with the experimental
sample descriptions in item 2. To generate this table, match
each plant’s V.T.R with the corresponding coordinates in
the HortControl database. Unit coordinates are encoded as
follows:

(block number of the plant group):
(row number starting from the barcode):
(plant index in the row, left to right).

4. Additional grouping (optional). A groups.xlsx file with a
mandatory Cultivar column.

Other columns can be used as ANOVA factors and must
contain only Latin letters, digits, and underscores.

All additional columns in the specified tables are preserved
and available for analysis as independent factors.

Analysis configuration is carried out via the Master Wizard
GU]I, including:

— selecting a project from the available list with validation;

— tuning DBSCAN eps (time interval between measure-
ments);

— choosing the method for filtering/winsorizing/annotating
outliers (IQR or Z-score) based on the specified experi-
mental cell structure;

— configuring technical aggregation (median or mean);

— exporting and importing experiment configurations to
ensure processing transparency.

StatFaRmer effectively processes high-frequency time se-
ries with non-uniform measurement intervals, automatically
correcting artifacts and aggregating data to reduce errors in
longitudinal studies. The tool includes a multifactor analysis
of variance (ANOVA) module with automatic checking of
statistical assumptions. The generated interactive visual-
izations allow researchers to focus on interpretation while
minimizing technical analysis hurdles.

Results

Clustering, outlier filtering, and data grouping

Clustering and outlier filtering are critical steps in the initial
processing of phenotypic data. Outliers (anomalies) are data
points that deviate substantially from the overall pattern,
potentially due to technical artifacts (e.g., transient sensor
shading) or biological factors (local tissue damage). This
step removes noise arising from different phenotyping start
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Fig. 1. Dynamics of the “average plant height” parameter between different experimental treatments.

Figure 1 shows two plots of average plant height over time for treatments 1 and 2. All 50 cultivars in two replicates are presented
for rapid preliminary analysis of height distribution patterns under treatments 1 and 2.
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Fig. 2. Comparison of mean NDVI across three time points - at the beginning, middle, and end of the experiment —

for the two treatments.

times across experimental blocks, sensor errors, and external
influences (e.g., wind), as well as large sporadic outliers,
such as foreign objects in the camera’s field of view. At this
stage the program also performs data clustering; grouping
and comparisons can be conducted under different parame-
ters — conditions, treatments, and others. Outlier filtering
in StatFaRmer can be toggled in the graphical interface by
checking or unchecking “plot with outliers”, allowing users
to control this aspect of the analysis. This processing step is
illustrated in Figure 1.

StatFaRmer enables comparative analysis of plant sets by
aggregating samples by treatment, cultivar, or any additional
user-specified parameters in the accompanying data tables.
The plots demonstrate that the mean height of plants grown
under treatment 1 generally exceeds that under treatment 2.
A substantial difference is apparent from the outset; given the
large number of samples (100 per treatment) and phenotyp-
ing not starting on day one, this indicates that differences
between treatments emerge rather quickly.

ANOVA
StatFaRmer provides automatic selection of statistical mo-
dels: classical ANOVA for balanced designs (< 10 factor
levels), mixed models for unbalanced designs (11-20 fac-
tor levels), and spline models for time series analysis. The
program attempts to select an optimal analysis scheme given
all specified factors and their pairwise interactions, while
advanced settings allow the user to fix the model type.

When analyzing Figure 1, an important question arises:
is the accelerated growth under treatment 1 a positive sign
or an indicator of plant stress. The NDVI indicator can be
used to assess plant condition, providing an approximate
measure of photosynthetic activity and overall plant health.
Higher NDV1 values indicate better plant condition and more
intense photosynthesis, whereas lower values may indicate
stress. Figure 2 shows the change in mean NDVI over time,
averaged across all cultivars.

In Figure 2, NDVI does not show significant differences
between treatments at the first time point; subsequently,
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Fig. 3. Changes in general mean PSRI under treatment 1 for five cultivars.

NDVI for plants grown under treatment 2 is significantly
higher, as indicated by the higher median. This can also be
seen in the comparative group table in the “Export of results
in tabular formats” section. This indicates more favorable
growth conditions under treatment 2.

Subsampling for temporal cluster analysis

When working with large datasets, users need the ability to
perform targeted analyses to uncover patterns independently.
In the previous example, we compared NDVI values across
treatments for all cultivars. Now suppose we need to select
cultivars from this set that are more or less sensitive to the
treatment. One could select field values to compare one
cultivar with another, but checking each of the 50 cultivars
in this manner would be laborious.

Instead, an alternative approach can be used. StatFaRmer’s
data subsampling function allows, for example, comparing
different cultivars under identical conditions rather than
one cultivar across treatments. As an example, consider five
cultivars and evaluate the PSRI parameter, which reflects
plant senescence. The higher this parameter, the greater the
stress experienced by the plant. Results of this comparison
for treatment 1 are shown in Fig. 3.

Interactive visualization with grouping by features
Interactive visualization is key for users who need an adap-
tive tool for experiment analysis. For the selected cultivars,
one can plot PSRI versus time with treatment taken into
account. To study the dynamics of multiple groups, it is
practical to use faceting — splitting plots into subplots ge-
nerated by a consistent principle for subgroups of the same
variable(s). Using the “grouping factor”, “selected cultivars”,
and “faceting formula” fields (the latter being a syntactic
template used in data visualization to describe how a dataset
is split into subgroups (facets) when building multiple linked
plots; a brief description can be found on the project’s GitHub
page), we obtain a separate plot for each cultivar (Fig. 4).

This approach enables a detailed examination of how the
senescence indicator changes over time across cultivars. For
example, some cultivars exhibit a marked shift in dynamics —
an increase in senescence until mid-experiment followed by
stabilization — whereas in others, this inflection is weak or
appears only at the final stages.

Export of results in tabular formats

StatFaRmer can present analysis results in tabular form and
export plots at high resolution (300 DPI) in SVG, PNG,
and PDF formats for publication. The Table below provides
descriptive statistics for Figure 2, listing parameters charac-
terizing each observed group at each time point.

Performance

StatFaRmer performance was tested on a laptop with the

following configuration: AMD Ryzen 5 5500U with Radeon

Graphics (2.10 GHz) and 8 GB RAM.

+ Master Wizard: processing project project NO3 (58,380
rows, 49 columns) takes 8—16 seconds with median ag-
gregation, depending on the configuration file;

- Main Application: launch and analysis occur almost in-
stantly due to caching of processed data;

- visualization is optimized for large datasets using density
maps for > 2,000 measurements.

Logging (logger.R) and benchmarking (benchmark.R)
of memory and time usage are implemented for module
operation.

Thus, employing automated time series analysis methods
reveals stable dynamic patterns in soybean data. Unlike tools
that do not support time series analysis, StatFaRmer success-
fully handles this task while remaining a flexible tool that
does not require programming skills. In long-term experi-
ments, StatFaRmer demonstrates efficiency in processing
high-frequency time series with non-uniform measurement
intervals. In addition, the tool automatically performs artifact
correction and data aggregation. These procedures are critical
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Fig. 4. Change in mean PSRI over time for cultivars 1-5.
Descriptive statistics for Figure 2
No. Time Treatment n Avg.  Median SD SE min max Q4 Q1 IQR cv Skewness Kurtosis
point
1 1 1 100 0.655 0.653 0.0259 0.00259 0.596 0.731 0.637 0.674 0.0369 3.96 -0.00113 0.0668
2 1 2 100 0.648 0.647 0.0268 0.00268 0.56 0.724 0.633 0.665 0.0315 4.14 -0.0214 1.3
3 4 1 100 0532 0.535 0.0467 0.00467 0395 0.633 05 0.564 0.0636 8.77 -0.411 0.263
4 4 2 100 057 0573 0.0457 0.00457 0.421 0.653 0547 0.601 0.0542 8.02 -0.823 1.16
5 6 1 100 0.528 0.539 0.0838 0.00838 0.333 0.674 0479 0.6 0.12 15.9 -0.477 -0.537
6 6 2 100 0.579 0.58 0.0396 0.00396 0.48 0.664 0.551 0.607 0.0567 6.84 -0.0886 -0.274

Note. The “Time point” column shows the analyzed groups, where 1, 4, and 6 denote the ordinal time points corresponding to the start, middle,

and end of the experiment.

for minimizing errors in longitudinal studies. StatFaRmer
also includes a multifactor ANOVA module with automatic
diagnostics of statistical assumptions (e. g., tests of normality
and homogeneity of variances). The tool’s high-resolution
interactive visualizations compare favorably with most
other platforms, where plots are typically static. As a result,
researchers can focus on interpreting results rather than the
technical details of analysis.

Discussion

Unlike several existing solutions such as HTPheno (Hart-
mann et al., 2011) and IAP (Yang et al., 2020), which
focus primarily on image processing, StatFaRmer provides
extended integration with external phenotyping systems.
This enables researchers to combine data from heteroge-
neous sources while minimizing manual effort. HTPheno
and IAP offer limited support for automated analysis of

large non-stationary time series; therefore, additional tools
are often required for full statistical processing of such
data. By contrast, StatFaRmer successfully automates the
analysis of complex phenotypic time series generated by
high-throughput phenotyping platforms.

In parallel with the development of StatFaRmer, other spe-
cialized tools have emerged to address adjacent digital phe-
notyping tasks. For example, the AllInOne Pre-processing
package (Najafabadi et al., 2023) focuses on preprocessing
field phenotyping data and provides image normalization,
spatial analysis, and basic visualization functions. Although
AlllnOne effectively improves raw data quality and can
handle large sets of images, it does not provide full time
series analysis or statistical hypothesis testing. StatFaRmer
complements such solutions by offering in-depth statistical
analysis of cleaned data, including multifactor group com-
parisons and identification of temporal dynamics.
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Another scalability-oriented approach is the PhytoOracle
platform (Gonzalez et al., 2023), a modular processing pipe-
line for phenotyping data optimized for high-performance
computing clusters. PhytoOracle can process multimodal
data in parallel (e. g., RGB images, thermal maps, 3D point
clouds) and scales efficiently to large data volumes. However,
its complexity and requirement for specialized infrastructure
make PhytoOracle less accessible to a broad range of biolo-
gists. StatFaRmer, by contrast, emphasizes accessibility: it is
implemented as a web application with an intuitive interface,
simplifying its use on standard desktop systems. At the same
time, StatFaRmer supports processing of large numerical da-
tasets and integration of heterogeneous information sources,
striking a balance between analytical power and usability.

To quickly assess the program’s capabilities, a demonstra-
tion dataset based on an experiment on nitrogen stress in
cereal crops was created. It is publicly available on GitHub
(https://github.com/Stathmin/StatFaRmer) and deployed
for interactive testing on shinyapps.io (https://stathmin.
shinyapps.io/StatFaRmer), where one can explore the data
and test a working copy of StatFaRmer. In addition, we
conducted extensive testing on diverse datasets, including
wheat, triticale, sugar beet, maize, sunflower, and soybean.
The program has proven to be a reliable and effective tool for
analyzing large volumes of phenotypic data across various
experimental conditions.

Conclusion

Modern methods of digital plant phenotyping generate

colossal amounts of data, including high-frequency time

series, structured metadata (cultivar, treatments, replicates,

treatment variant), and external parameters integrated from

third-party sources. These factors, together with the variety

of traits measured by the platform, require specialized solu-

tions for interpretation. Our StatFaRmer tool addresses this

challenge through:

- interactive data visualization with support for temporal
slices and artifact filtering;

- multifactor group comparisons (by cultivar, treatment, user
tags) using various statistical analyses;

- flexible configuration of data slices for independent pattern
discovery, accessible to typical users.

Thus, StatFaRmer streamlines the processing of complex
phenotypic data, reducing the time needed to uncover pat-
terns of adaptation in soybean and other crops under different
treatments, stresses, and other influences.
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