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Abstract

This study evaluated root growth of tomato seedlings (Solanum lycopersicum) cul-

tured in vitro on Murashige and Skoog (MS) medium under carbon nanotube treat-

ments. We analyzed root growth using linear mixed-effects models (LMM) fitted by

maximum likelihood to 1,350 observations from 90 seedlings across nine experimen-

tal groups over 15 days. Fixed effects described treatment-specific temporal trajecto-

ries, while a seedling-specific random intercept accounted for individual heterogeneity

and within-seedling correlation. Among five candidate models, the treatment-specific

quadratic model (M5) achieved the lowest AIC and BIC, supporting nonlinear growth

trajectories with treatment-dependent slopes and curvature. Treatment differences were

assessed through contrasts of predicted changes in root length between days 1 and 15,
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using Wald tests with Holm adjustment to control the family-wise error rate across mul-

tiple comparisons. We found that T7 (functionalized multi-walled carbon nanotubes)

and T8 (single-walled carbon nanotubes) showed the largest estimated growth improve-

ment over the control, at 0.927 and 1.013 mm, respectively. Moreover, no statistically

significant difference was detected between the two treatments after Holm adjustment,

suggesting that the lower-cost option could be prioritized for further evaluation in scal-

able applications. These findings identify promising treatments for further evaluation

and demonstrate the value of longitudinal modeling for assessing root growth.

Keywords:

Holm method; Akaike Information Criterion (AIC); Bayesian information criterion (BIC);

Seed-specific random effect;

1 Introduction

The tomato is one of the most widely cultivated and consumed vegetables globally, owing to

its high nutritional, economic, and agro-industrial value. It contains bioactive compounds

such as lycopene, carotenoids, and vitamins A, C, and E, as well as essential minerals, mak-

ing it a food of great interest for human health. Scientifically, the tomato has established

itself as a biological model in plant research, as its genome is fully sequenced and its response

to controlled in vitro conditions is well understood (The Tomato Genome Consortium 2012).

Tomato cultivation (Solanum lycopersicum) ranks among the most valuable vegetable crops

worldwide, with an estimated production of approximately 190 million tonnes covering more

than five million hectares (Food and Agriculture Organization of the United Nations 2025;

Klee and Resende 2020). Asia is the leading continent for tomato production, accounting

for 62.6% of the total output, followed by the Americas (13.1%), Europe (12.2%), Africa

(11.9%), and Oceania (0.2%). The tomato is a source of carotenoids, vitamins, glycoalka-

loids, and other metabolites possessing antioxidant, anti-inflammatory, and antimutagenic

properties (Chaudhary et al. 2018). Tomatoes are also a popular ingredient in various culi-
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nary traditions; this has driven extensive breeding programs to develop an impressive array

of tomato cultivars featuring a multitude of flavors, colors, and shapes (Domínguez et al.

2020).

In recent decades, the incorporation of nanotechnology into agriculture has opened up

new opportunities to improve cultivation, germination, and productivity processes. Among

the most widely studied nanomaterials, carbon nanotubes (CNTs) have garnered special at-

tention due to their high mechanical strength, electrical conductivity, and chemical stability.

Specifically, multi-walled carbon nanotubes (MWCNTs) consist of several concentric, rolled-

up graphene layers that form a tubular structure On the other hand, single-walled carbon

nanotubes (SWCNTs) are one-dimensional nanostructures composed of a single graphene

sheet seamlessly rolled into a hollow cylindrical structure (Park et al. 2026). These char-

acteristics make them potentially useful in biomedical, engineering, and biotechnological

applications, including agriculture. The effect of MWCNTs depends on various factors, such

as size, purity, synthesis method, exposure time, concentration, and number of walls. These

variables can determine whether the nanotubes act as growth stimulators or as phytotoxic

agents. It has been observed that high concentrations can be toxic, causing growth inhibition,

morphological deformations, and alterations in cellular structure (Lin and Xing 2007; Lahi-

ani et al. 2013; Aguilar-Vázquez et al. 2021; Gochi Ponce et al. 2026). Similarly, low doses

of selenium and silicon nanoparticles stimulate growth and contribute to increased accumu-

lation of phenolic compounds in crops such as chili pepper (Capsicum annuum L.) and oats

(Avena sativa L.) (Sotoodehnia-Korani et al. 2020; Asgari et al. 2018). Furthermore, metal

oxide-based nanomaterials—such as TiO2, Fe2O3, Al2O3, ZnO, and SiO2—have been shown

to provide micronutrients and activate plant defense mechanisms, resulting in improved plant

growth and development (Hussain et al. 2018). Similarly, foliar applications of cobalt oxide

(Co3O4) and ZnO nanoparticles on crops such as rapeseed (Brassica napus L.) and common

bean (Phaseolus vulgaris L.) have shown increases in growth, fresh weight, and yield, demon-

strating the potential of these nanomaterials to promote plant development (Jahani et al.
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2020; Salama et al. 2019). Further evidence comes from Ratnikova et al. (2015), who re-

ported increased germination, root growth, and biomass in tomato following seed sonication

combined with MWCNTs (50 mg L−1). These effects may involve enhanced nanotube pen-

etration and stress-related signaling that activates plant defense responses (Khodakovskaya

et al. 2011; Zhao et al. 2020).

In tomato (Solanum lycopersicum L.), investigating the effects of MWCNTs is relevant to

understanding their potential applications in plant biotechnology. Although previous stud-

ies have reported positive effects on seed germination and seedling growth, plant responses

to carbon nanotubes may depend on their concentration, physicochemical properties, and

experimental conditions. Therefore, further experimental evidence is required to charac-

terize their effects and evaluate their potential applications in controlled in vitro culture

systems Ratnikova et al. (2015); Villagarcia et al. (2012).

The objective of this study is to evaluate the effects of carbon nanotube treatments,

including unmodified and nitrogen-modified MWCNTs at different concentrations, function-

alized MWCNTs, and single-walled carbon nanotubes, on the in vitro root development of

tomato seedlings cultured in Murashige and Skoog (MS) medium. The synthesis and de-

tailed physicochemical characterization of the nanomaterials will be reported in a separate

manuscript currently in preparation. Here, we focus on quantifying root development and

assessing treatment-associated differences in growth over time.

Comparisons of root length at individual time points require an analysis that accom-

modates nonlinear trajectories and the dependence among repeated measurements from the

same seedling. We therefore used linear mixed-effects models (LMMs) (Laird and Ware 1982;

Verbeke 1997), comparing linear and quadratic mean structures with shared or treatment-

specific slopes and curvature. The models included seedling-specific random intercepts to

account for individual heterogeneity and the resulting within-seedling correlation. The cen-

tral research question was whether the predicted mean change in root length between days

1 and 15 differed significantly among treatments, particularly relative to the control. The
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main statistical contribution lies in the application of a longitudinal modeling framework

to assess the effects of carbon nanotube treatments on tomato seedling root growth. This

framework extends the evaluation beyond differences in root length at a single time point,

providing a quantitative basis for identifying promising treatments for further investigation

and potential applications in the agricultural industry.

The remainder of this paper is organized as follows. Section 2 describes the experimental

data. Section 3 presents the linear mixed-effects modeling framework and statistical inference

procedures. Section 4 reports the main results. Finally, Section 5 discusses the biological

implications, statistical findings, and limitations of the study.

2 Experimental Data

Tomato seeds (Solanum lycopersicum L.) were cultured in vitro under controlled laboratory

conditions and exposed to the experimental treatments summarized in Table 1.

Table 1: Culture medium composition and nanotube concentration by treatment.

Treatment MS medium (%) Nanotube type Concentration (ppm)

Control 50 None 0
T1 40 None 0
T2 20 None 0
T3 20 MWCNT 50,000
T4 20 MWCNT 100,000
T5 20 MWCNT 200,000
T6 20 NTC-N 200,000
T7 20 NCMWF 200,000
T8 20 CNSW 200,000

Murashige and Skoog (MS) medium was used as the basal culture medium, with per-

centages expressed relative to the full-strength formulation. The experimental treatments

included different types of carbon nanotubes. Multi-walled carbon nanotubes (MWCNTs)

consist of multiple concentric cylindrical graphene layers. Nitrogen-doped carbon nanotubes

(NTC-N) contain nitrogen atoms incorporated into their carbon structure. Functionalized
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multi-walled carbon nanotubes (NCMWF) exhibit chemically modified surfaces, whereas

CNSW corresponds to single-walled carbon nanotubes, consisting of a single cylindrical

graphene layer. Half-strength MS medium (50% MS) without the addition of carbon nan-

otubes served as the control. These carbon nanomaterials were evaluated at different concen-

trations (parts per million, ppm) to assess their effects on root elongation in tomato seedlings

under controlled in vitro conditions. The experimental design comprised one control and 8

treatments, with 10 seeds assigned to each treatment, and daily measurements from day 1

to day 15, yielding a total of 1,350 observations.

3 Statistical Analysis

Root growth was analyzed using LMMs to describe treatment-specific growth trajectories

and take into account the repeated measurements within seedlings (Laird and Ware 1982;

Verbeke 1997). Consider N observations from S seedlings assigned to J treatments. We

have the LMM:

y = µ(m) + Zu+ ε, µm = X(m)β(m), (1)

where y ∈ R
N contains the observed root lengths. The design matrix Z ∈ R

N×S contains

indicator variables that map each observation to its seedling:

Zis =

⎧
⎪⎪⎨
⎪⎪⎩

1, if observation i comes from seedling s,

0, otherwise.

(2)

The random intercept us captures seedling-specific deviation from the mean trajectory

for its treatment. The residual εi represents observation-level variation not explained by the

model. We assume

u ∼ NS(0, τ
2IS), ε ∼ NN(0, σ

2IN), u ⊥ ε, (3)
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where τ 2 describes between-seedling variability and σ2 describes residual variability.

The mean vector µ(m) = X(m)β(m) contains the expected root length for each observation

under a candidate model m = {M1, . . . ,M5}. Here X(m) represents the fixed-effects design

matrix encoding treatment and time, and β(m) contains their coefficients. Let µ
(m)
j,d denote

the mean root length under treatment j on day d. Time is centered as x = d − dc, where

dc is the midpoint of the observation period, so that the intercept represents expected root

length at that midpoint. The following candidate trajectories were considered in this work:

µ
(m)
j,d =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

aj + bx, m = M1,

aj + bjx, m = M2,

aj + bx+ cx2, m = M3,

aj + bjx+ cx2, m = M4,

aj + bjx+ cjx
2, m = M5.

(4)

The models allow treatment-specific intercepts, where M1 and M2 assume common and

treatment-specific linear slopes, respectively. M3 and M4 extend these structures with a

common quadratic term, whereas M5 allows the quadratic coefficient to vary by treatment.

4 Results

The candidate models m ∈ {M1,M2,M3,M4,M5} were fitted by maximum likelihood

using the same observations and random-intercept covariance structure. The maximized

log-likelihood and model-selection criteria are defined as Wood (2017)

ℓ̂m = max
θm

logLm(θm;y), (5)

AICm = −2ℓ̂m + 2km, (6)

BICm = −2ℓ̂m + km log n, (7)
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where βm is the fixed-effect coefficient vector and θm = (βT

m, τ
2
m, σ

2
m)

T contains all esti-

mated parameters. The marginal likelihood Lm is obtained by integrating out the random

intercepts. Consequently, the total parameter count (including the random-intercept vari-

ance τ 2m and residual variance σ2
m) is km = pm+2, where pm = dim(βm). Akaike Information

Criterion (AIC) and Bayesian information criterion (BIC) were calculated from the maxi-

mized marginal log-likelihood (see eqs.5-7).

Table 2 summarizes the comparison of the five temporal mean structures defined in

Equation (4).

Table 2: Model selection in terms of maximum log-likelihood, AIC, and BIC.

m pm lm AIC BIC

M1 10 -100.586 225.172 287.667
M2 18 139.275 -238.551 -134.393
M3 11 79.134 -132.267 -64.565
M4 19 423.582 -805.165 -695.799
M5 27 512.670 -967.340 -816.312

The treatment-specific quadratic model (M5) achieved the lowest AIC and BIC and the

highest maximized log-likelihood among the five candidate models. Its BIC was 120.512 units

lower than that of the shared-curvature model (M4), the next-best candidate, and 681.918

units lower than that of the treatment-specific linear model (M2). These results supported

selecting M5 for subsequent analyses, conditional on the assumed random-intercept covari-

ance structure.

Figure 1 shows the fitted M5 trajectories with the 95% confidence interval bands for the

estimated mean root length at each day. The linear M2 trajectories are superimposed for

comparison purposes. The figure highlights the improvement in the quadratic model fits

over the linear model. Actually, the quadratic model (M5) is able to capture the non-linear

behavior of the first stages of root growth. The flexibility of the model to adapt to this kind

of curvature is due to its quadratic term.

Treatment effects were summarized for M5 by the predicted change in population mean
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Figure 1: Estimated mean root-growth trajectories from the selected quadratic model M5
(blue solid curves), with 95% confidence interval bands. The red dashed lines represent the
treatment-specific linear model M2, and points show observed treatment means.
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root length between days 1 and 15, ∆j = µj(15)−µj(1), where µj(d) denotes the population

mean trajectory for treatment j. For each pair of treatments j and k, the null hypothesis

H0 : ∆j−∆k = 0 was evaluated using an approximate two-sided Wald testWasserman (2004)

Nevertheless, with one control and eight treatments, there were 36 pairwise comparisons.

These multiple comparisons increase the risk of false positives, that is, detecting statistically

significant differences between treatments when no true differences exist. To address this

issue, Holm’s procedureHolm (1979). was applied to adjust the p-values across comparisons,

controlling the family-wise error rate at 5%. Table 3 presents the eight treatment–control

contrasts. The D̂ji = ∆̂j − ∆̂i, column reports the estimated difference in predicted growth

change (in millimeters) between treatment j and treatment i. The 95% CI column gives

the individual confidence interval. The final column reports the Holm-adjusted Wald-test

p-values.

According to the results, T8 presents the largest estimated increase in root growth change

relative to the control, followed by T7; both differences remained statistically significant after

Holm adjustment. Although the estimated growth change was greater for T8 than for T7,

their pairwise difference was not statistically significant (Table 3). Thus, the analysis did

not detect a statistical difference between the NCMWF and CNSW treatments under the

experimental conditions (see Table 1).

Figure 2 presents the estimated differences in predicted growth change between each treat-

ment and the control D̂j0, with individual 95% confidence intervals. The vertical dashed line

at zero indicates no difference in predicted growth change relative to the control. Nega-

tive values indicate a smaller predicted growth change, whereas positive values indicate a

larger change. The overlap for T7 and T8 highlights the fact that the pairwise difference

was not statistically significant. Important to mention, that each interval estimates its own

treatment-specific population contrast nor the family-wise correction.

Figure 3 summarizes the conditional residual diagnostics for M5. Conditional residuals

were calculated as observed root lengths minus fitted values incorporating both fixed effects

10
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Table 3: Estimated differences D̂ji in predicted growth change between days 1 and 15 esti-
mated for fixed model structure M5. The reported p-values are Holm-adjusted across all 36
pairwise treatment comparisons.

A B D̂ji (mm) Lower CI (95%) Upper CI (95%) pHolm
j0

Control T1 -0.352 -0.463 -0.241 ***
Control T2 -0.088 -0.199 0.023 0.601
Control T3 0.348 0.237 0.459 ***
Control T4 0.548 0.437 0.659 ***
Control T5 0.523 0.411 0.634 ***
Control T6 0.599 0.488 0.711 ***
Control T7 0.926 0.814 1.037 ***
Control T8 1.013 0.901 1.124 ***
T1 T2 0.264 0.153 0.375 ***
T1 T3 0.700 0.589 0.811 ***
T1 T4 0.900 0.789 1.011 ***
T1 T5 0.874 0.763 0.986 ***
T1 T6 0.951 0.840 1.063 ***
T1 T7 1.277 1.166 1.389 ***
T1 T8 1.365 1.253 1.476 ***
T2 T3 0.436 0.325 0.547 ***
T2 T4 0.636 0.525 0.747 ***
T2 T5 0.610 0.499 0.722 ***
T2 T6 0.687 0.576 0.799 ***
T2 T7 1.013 0.902 1.125 ***
T2 T8 1.101 0.989 1.212 ***
T3 T4 0.200 0.089 0.311 **
T3 T5 0.174 0.063 0.286 *
T3 T6 0.251 0.140 0.363 ***
T3 T7 0.577 0.466 0.689 ***
T3 T8 0.665 0.553 0.776 ***
T4 T5 -0.026 -0.137 0.086 0.726
T4 T6 0.051 -0.060 0.163 0.726
T4 T7 0.377 0.266 0.489 ***
T4 T8 0.465 0.353 0.576 ***
T5 T6 0.077 -0.034 0.188 0.601
T5 T7 0.403 0.292 0.514 ***
T5 T8 0.490 0.379 0.601 ***
T6 T7 0.326 0.215 0.437 ***
T6 T8 0.413 0.302 0.524 ***
T7 T8 0.087 -0.024 0.198 0.601
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Figure 2: Differences in predicted growth change relative to the control.

and estimated seedling-specific random intercepts. The residual-versus-day plot shows resid-

uals distributed around zero as assumed by the model, although their daily means exhibit a

slight systematic temporal pattern. The normal Q–Q plot shows close agreement with the

reference line in the central region, with small departures in both tails. Remaining temporal

dependence was examined using pooled Pearson correlations between conditional residuals

from the same seedling at lags of 1–7 days. Residual autocorrelation was strongly positive at

lag 1 (approximately 0.79), declined with increasing lag, and became negative at longer lags,

reaching approximately −0.45 at lag 7. These findings suggest that the random-intercept

structure does not completely account for within-seedling temporal dependence. The diag-

nosis makes evident that further improvements are possible, yet at the cost of increasing the

complexity and the number of parameters of the model.
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Figure 3: Residual diagnostics for M5. Top: residuals versus day (orange: daily mean).
Middle: normal Q–Q plot. Bottom: pooled within-seedling lagged residual autocorrelations.
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5 Conclusion

An LMM was used to account for fixed and random effects in tomato seedling root growth

under different treatments. This approach provided estimates of the mean growth trajectories

and predicted changes in root length over the observation period, together with their 95%

confidence intervals. In particular, the LMM allowed us to assess the statistical significance

of differences in predicted growth changes between treatments while accounting for repeated

measurements within seedlings. This offered an analytical advantage over a classical one-

way ANOVA applied to a single observation day, which can identify differences in mean root

length between treatments but does not directly assess differences in growth trajectories.

An additional methodological contribution of the statistical analysis was the compari-

son of different fixed-effects structures for the mean growth trajectory, including linear and

quadratic models with common slopes or curvature, as well as models with treatment-specific

coefficients. Among the candidate models, M5, which allowed both linear and quadratic co-

efficients to vary by treatment, achieved the highest maximized log-likelihood and the lowest

BIC and AIC. It was therefore selected as the preferred model within the candidate set,

balancing goodness of fit and model complexity. Visual inspection of the fitted trajectories

provided complementary support for this choice, showing that M5 captured the nonlinear

growth pattern observed during the early stages of the observation period.

After M5 was selected as the preferred model, the predicted mean change in root length

between days 1 and 15 was estimated for each treatment. Pairwise Wald tests with Holm-

adjusted p-values were used to assess differences between treatments, controlling the family-

wise error rate across the 36 comparisons. T7 and T8 showed the largest estimated increases

in root growth relative to the control, with differences in predicted change of 0.927 and 1.013

mm, respectively. However, their confidence intervals overlapped, and the direct pairwise

comparison was not statistically significant after Holm adjustment.

These findings identify T7 and T8, consisting of the addition of functionalized multi-

walled carbon nanotubes (NCMWF) and single-walled carbon nanotubes (CNSW), respec-
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tively, as promising candidates for further evaluation of technical and commercial feasibility.

Both treatments showed significantly greater predicted increases in root length than the con-

trol over the observation period. No statistically significant difference was detected between

them after Holm adjustment, suggesting that the lower-cost option could be prioritized for

further assessment in a scalable engineering application.

Further research should extend the experimental period to determine whether the ob-

served advantage in root growth persists through plant maturity and translates into improved

plant development and yield. Evaluations of safety, environmental effects, and economic fea-

sibility would also be needed before considering commercial implementation.
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