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‘Ōhi’a. PLoS ONE 18(6): e0287144. https://doi.org/ 

10.1371/journal.pone.0287144 

Editor: Sabrina Sarrocco, Universita degli Studi di 

Pisa, ITALY 

Received: January 3, 2023 

Accepted: May 31, 2023 

Published: June 23, 2023 

Copyright: This is an open access article, free of all 

copyright, and may be freely reproduced, 

distributed, transmitted, modified, built upon, or 

otherwise used by anyone for any lawful purpose. 

The work is made available under the Creative 

Commons CC0 public domain dedication. 

Data Availability Statement: All data files available 

from the Figshare database (DOI: 10.6084/m9. 

figshare.21804462). 

Funding: This study was supported by USDA 

Forest Service’s Science Technology 

Developement Program (Grant # STDP-2020-01 to 

C.P Giardina) and USDA Forest Service Research 

Joint Venture # 19-JV-11272136-019 and NASA 

Strategic University Research Program grant to G. 

P. Asner. The funders had no role in study design, 

data collection and analysis, decision to publish, or 

preparation of the manuscript. 

Abstract 

Plant pathogens are increasingly compromising forest health, with impacts to the ecological, 

economic, and cultural goods and services these global forests provide. One response to 

these threats is the identification of disease resistance in host trees, which with conventional 

methods can take years or even decades to achieve. Remote sensing methods have accel­

erated host resistance identification in agricultural crops and for a select few forest tree spe­

cies, but applications are rare. Ceratocystis wilt of ‘ōhi‘a, caused by the fungal pathogen 

Ceratocystis lukuohia has been killing large numbers of the native Hawaiian tree, Metrosi­

deros polymorpha or ‘Ō hi‘a, Hawaii’s most common native tree and a biocultural keystone 

species. Here, we assessed whether resistance to C. lukuohia is detectable in leaf-level 

reflectance spectra (400–2500 nm) and used chemometric conversion equations to under­

stand changes in leaf chemical traits of the plants as indicators of wilt symptom progression. 

We collected leaf reflectance data prior to artificially inoculating 2–3-year-old M. polymorpha 

clones with C. lukuohia. Plants were rated 3x a week for foliar wilt symptom development 

and leaf spectra data collected at 2 to 4-day intervals for 120 days following inoculation. We 

applied principal component analysis (PCA) to the pre-inoculation spectra, with plants 

grouped according to site of origin and subtaxon, and two-way analysis of variance to 

assess whether each principal component separated individuals based on their disease 

severity ratings. We identified seven leaf traits that changed in susceptible plants following 

inoculation (tannins, chlorophyll a+b, NSC, total C, leaf water, phenols, and cellulose) and 

leaf chemistries that differed between resistant and early-stage susceptible plants, most 

notably chlorophyll a+b and cellulose. Further, disease resistance was found to be detect­

able in the reflectance data, indicating that remote sensing work could expedite Ceratocystis 

wilt of ‘ōhi‘a resistance screenings. 
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Introduction 

Native dominated forest ecosystems around the world are being impacted, and in some cases

decimated by diseases caused by non-native pests and pathogens [1–3]. Instances of virulent

and problematic forest pathogens have been rising and are predicted to continue increasing due

to climate change [4, 5], globalization [6], and reduced resilience resulting from genetic diver-

sity loss [7, 8]. Ecological, economic, and social consequences of these pathogens necessitate

resistance screening, breeding, and restoration programs to mitigate the effect of these diseases

[9–12]. Successful disease resistance programs have established germplasm that exhibit higher

survival rates than non-resistant material in the ecologically and economically important Pinus
monticola (western white pine) to the disease white pine blister rust (Cronartium ribicola) [12]

and Ulmus americana (American elm) cultivars to Dutch elm disease (Ophiostoma novo-ulmi)
[13]. As these programs are usually long-term, labor-intensive investments [14], remote sensing

has emerged as a means of greatly expanding pre-screening efforts by discriminating between

resistant and susceptible phenotypes in trees [15–17] and disease monitoring [18].

Remote sensing technologies are an asset to conservation in the face of forest pathogens as

they can be used to better understand patterns of disease progression and determining resis-

tant individuals [15, 19–21]. While remote sensing has long been used to aid in forest monitor-

ing and management [22, 23], advances in spectroscopy, or hyperspectral remote sensing,

have allowed us to classify species [24–26], monitor biodiversity [27], and distinguish between

subspecies [28, 29]. The connection between plant traits, phylogenetics, and spectroscopy is

fundamental to spectranomics, which allows us to understand ecological processes at large

scales [30, 31].

Spectroscopy data can be used to describe plant chemical (e.g. chlorophyll a and b, lignin, 

phenols, tannins, nonstructural carbohydrates, total carbon, total nitrogen) and structural 

traits (e.g. leaf mass per area) at high spectral resolution (1–10 nm). Some methods use the 

entire visible to shortwave infrared (VSWIR) spectra (350–2500 nm) while others capture only 

the visible to near infrared (VNIR; 350–1050 nm) spectra. Not only have traits captured in 

spectroscopic data been used to understand the genetic structure of plants and their evolution­

ary history [30, 32, 33], but reflectance spectra have been shown to distinguish individuals 

based on their resistance to diseases [16, 20, 34–37]. For example, spectroscopy is a promising 

method for both determining putatively disease resistant germplasm and nondestructively 

monitoring changes in leaf traits. Spectroscopy of Ulmus twigs was used to identify individuals

resistant to Dutch elm disease [17], and spectral measurements of Pinus taeda (loblolly pine)

during resistance screenings against fusiform rust likewise allowed resistant and susceptible 

individuals to be distinguished [35]. 

Ceratocystis wilt of ‘ōhi‘a, caused by the non-native fungus Ceratocystis lukuohia, poses an

unprecedented conservation concern in Hawai‘i, as the Hawaiian endemic tree, ‘ōhi‘a (Metro-
sideros polymorpha) [38, 39] is an eclogical and cultural keystone species that accounts for

approximately fifty percent of the biomass in forested areas across the Hawaiian Islands [40] 

and provides habitat to many endemic plants and animals [41]. Further, M. polymorpha is

often a forest dominant making up 80% of native forest basal area [11], and so sustains vital 

ecosystem services as it contributes more to groundwater recharge than non-native forests 

[42]. In addition to its ecological importance, M. polymorpha is culturally significant to Hawai­

ian people [43, 44], is Hawaii’s state endemic tree, and has become a cherished presence in res­

idential settings. For these reasons, many Hawaiian organizations, in collaboration with 

academic and government organizations, are dedicated to protecting this species. 

In the ten years since its discovery, the Ceratocystis wilt of ‘ōhi‘a appears to spread easily

and rapidly, with widespread mortality of M. polymorpha trees across Hawai‘i Island and

https://doi.org/10.1371/journal.pone.0287144
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occurences on Kauai, O‘ahu, and Maui [45, 46]. Of equal concern is that C. lukuohia has

caused up to 90% mortality in many M. polymorpha stands [47]. C. lukuohia is a wilt pathogen

that affects the vascular system of its hosts, resulting in canopy wilt, rapid browning and even-

tual death [39]. Ecological consequences of C. lukuohia-caused mortality include declines in

endemic avifauna and plants [48, 49], and research in this field is rapidly developing to under-

stand and combat this new threat [50–52].

Hawai‘i is home to a very large number of non-native invasive plant species [53–55], and so

the loss of M. polymorpha in forests can result in a proliferation of invasive plants, which accel-

erates the conversion of native dominated forests to non-native forests, with detrmental

impacts to stand and watershed hydrology, and to native fauna [56–59]. The need for immedi-

ate action is hampered by the long timelines defining resistance programs, but remote sensing

applications have the potential to accelerate disease resistance screening methods. Current

research efforts are focused on monitoring disease spread and developing management strate-

gies to combat Ceratocystis-induced M. polymorpha mortality [52, 60, 61] as well as resistance

screening [47, 51]. In 2018, the USDA Forest Service (USFS) in partnership with the USDA

Agricultural Research Service and Akaka Foundation for Tropical Forests established the

‘Ōhi‘a Disease Resistance Program (‘ŌDRP; www.akakaforests.org/projects/ohia-disease-

resistance-program) in order to identify, propagate, and outplant individuals resistant to C.

lukuohia with the goal of restoring regions affected by this pathogen [47, 51]. Identification of

potentially resistant material for propagation is entirely ground-based and not based on genet-

ically or environmentally determined quantatitive measures. Rather, collections have been

focused on random sampling of live trees in intact forests or from live individuals within

heavily disease-impacted stands. As a result, the identification of resistant individuals has been

time and labor intensive.

Streamlining the identification of disease resistant individuals would lead to the more rapid

identidication of candidate trees for resistance screening, where remote sensing-based pre-

screening would narrow down the potential set of candidate trees for follow up sampling and

inoculation-based screening. To address the limitations of existing resistance sampling meth-

odologies and assess the potential of remote sensing based pre-screeing of M. polymorpha
trees, we tested the applicability of spectroscopic data in screening for Ceratocystis wilt of

‘ōhi‘a resistance. Relying on ‘ŌDRP inoculation screening trials, our objective was to monitor

leaf spectra of M. polymorpha clones before and after artificial inoculation to determine if

there is a spectral signature that can discriminate between clones that are classified as suscepti-

ble or resistant based on external disease symptoms. Additionally, we investigated whether

chemometric conversion equations could be useful in understanding changes in leaf chemical

traits of the plants as indicators of wilt symptom progression.

Materials and methods 

Field collections 

Vegetative cuttings were collected from 53 putatively disease resistant M. polymorpha trees

(mother trees) located across four sites on the windward side of Hawai‘i Island in 2019 and 

2020 (Fig 1; Table 1; S1 Table). The sites included the USDA Forest Service’s Institute of Pacific 

Islands Forestry (IPIF; -155.0955, 19.6977), Keaukaha Military Reserve (KEMR; -155.0376, 

19.7069), and Stainback Highway (STBK; -155.1180, 19.6133) all in the district of Hilo, and 

Pu‘u Kaliu (PUKA; -154.9269, 19.4489) in the district of Puna. Permits for access, collecting 

and research were obtained from the State of Hawai‘i, Department of Land and Natural 

Resources for the STBK site, the PUKA site by Kamehameha Schools1, and the KEMR site by 

the Hawai‘i Army National Guard- Environmental Office. No permits were needed to access 

http://www.akakaforests.org/projects/ohia-disease-resistance-program
http://www.akakaforests.org/projects/ohia-disease-resistance-program
https://doi.org/10.1371/journal.pone.0287144
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Fig 1. Locations of the four study sites across the windward side of Hawai‘i Island. Sites where putatively 

Ceratocystis lukuohia-resistant (asymptomatic) Metrosideros polymorpha trees were sampled for vegetative

propagation to generate clonal ramets. Topographic lines represent 500-meter elevational increments derived from the

Shuttle Radar Topography Mission Digital Elevation Model. The four sites represented in this study are: Institute of

Pacific Islands Forestry (IPIF), Keaukaha Military Reserve (KEMR), Stainback Highway (STBK), and Pu‘u Kaliu

(PUKA).

https://doi.org/10.1371/journal.pone.0287144.g001 

and collect plant material from the IPIF site. Trees were selected from forest stands exhibiting

either high or low levels of C. lukuohia-induced mortality at each of the four sites. On Hawai‘i

Island, M. polymorpha has four distinct genetic varieties [62–65], two of which were present at

the collection sites. Cuttings from M. polymorpha var. glaberrima and incana were collected as

well as hybrids of those two varieties, hereafter referred to as incana, glaberrima, and the

hybrid (incana x glabberima), respectively. Variety was determined based on leaf morphology,

with degree of pubescence being the most distinguishing factor [65–67]. Glaberrima leaves are

glabrous while incana leaves are pubescent; hybrids are pubescent, but unlike incana, leaf hairs

are easily removed via rubbing [65–67]. After collection, cuttings were vegetatively propagated

in a greenhouse under mist at the IPIF in Hilo, Hawai‘i. We succeeded in raising 188 clonal

ramets for the inoculation trails in 2021. Each tree from which cuttings were collected are here-

after referred to as “mother trees” with mother trees being represented by 1 to14 clonal ramets

https://doi.org/10.1371/journal.pone.0287144.g001
https://doi.org/10.1371/journal.pone.0287144
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Table 1. Metrosideros polymorpha mother trees used for vegetative propagation and number of generated clonal ramets used in Ceratocystis lukuohia inoculation

trials. Trees are denoted by species varieties incana, glaberrima or their hybrid and site location. Counts are listed for all trees that had their leaf spectra sampled pre-inoc-

ulation (Pre-Inoc.) as well as those regularly sampled post-inoculation (Post-Inoc.). The four sites from Hawai‘i Island represented in this study are: Institute of Pacific

Islands Forestry (IPIF), Keaukaha Military Reserve (KEMR), Stainback Highway (STBK), and Pu‘u Kaliu (PUKA). See S1 Table for site descriptions.

Variety Site 

No. Mother Trees 

Pre-Inoc. Post Inoc. 

No. Clonal Ramets 

Pre-Inoc. Post Inoc. 

glaberrima IPIF 2 2 21 11 

PUKA 16 7 51 32 

STBK 18 14 29 16 

hybrid IPIF 2 2 22 11 

KEMR 5 3 17 12 

PUKA 2 2 7 7 

incana IPIF 1 1 9 6 

KEMR 3 2 5 3 

PUKA 3 2 22 13 

STBK 1 1 5 1 

https://doi.org/10.1371/journal.pone.0287144.t001 

in the inoculation trials. Clones were maintained in 10.2 cm x 24.4 cm band pots (Anderson 

Pots, Portland, Oregon, USA) in a greenhouse, with plants receiving drip irrigation twice a 

day. 

Inoculations 

In October 2021, all clones were transported to a nearby greenhouse at the University of

Hawai‘i at Mānoa’s Komohana Research and Extension Center in Hilo, HI and inoculated

with either C. lukuohia or sterile water as a negative control. To make inoculum, 7-day-old C.

lukuohia cultures (fungal isolate PL1959) grown on 10% V8 media agar plates, were flooded

with sterile water, the surface scraped with a sterile glass rod to dislodge fungal conidia

(spores) and collected in a beaker. This spore suspension was quantified to 1.0 x 106 spores/ml

with a hemacytometer. Before inoculation, 20 μl of the spore suspension (equivalent to 20,000

spores) was removed by pipette and dropped onto sterile filter paper discs (Whatman, GE

Healthcare UK Limited, Buckinghamshire, UK) cut to 6mm in diameter. To inoculate, clones

were wounded with a sterile scalpel on the main stem 2 cm above soil level at a downward

angle to expose fresh sapwood. The C. lukuohia saturated filter disc was then placed in the

wound, the stem-flaps closed and the wound site wrapped in laboratory wax film (Parafilm,

Bemis Company, Inc, Neenah, Wisconsin) [68]. External symptom progression of inoculated

clones was evaluated approximately two to three times per week, according to a 0–5 disease

severity scale where 0 = fully asymptomatic, 1 = 1 to 25% foliar crown wilt, 2 = 26 to 50%,

3 = 51 to 75%, 4 = 76 to 99% and 5 = plants being completely dead (100% wilted). Individual

clones that remained asymptomatic throughout the 127-day trial were hereby labeled as “Resis-
tant” (final rating of 0) while those that showed any wilt symptoms were labeled as “Suscepti-
ble” (final rating of 1 to 4). The resistance rate was calculated based on the percentage of clones

per mother tree that were asymptomatic after inoculation. The effect of site and genotype on

resistance rates, independent of leaf spectra or chemistry, were assessed using a two-way analy-

sis of variation (ANOVA; S2 Table).

Leaf reflectance sampling 

Leaf reflectance spectral measurements were taken pre- and post-inoculation using an Analyti­

cal Spectra Devices plant probe, leaf clip, and FieldSpec spectroradiometer (Analytical Spectra 

https://doi.org/10.1371/journal.pone.0287144.t001
https://doi.org/10.1371/journal.pone.0287144
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Devices Inc., Boulder, CO, USA), which allowed us to make measurements on live vegetation, 

and field spectrometer at 1 nm intervals from 350 to 2500 nm (S1 Fig). One set of measure­

ments were taken 1 to 2 days prior to inoculation with C. lukuohia. The post-inoculation mea­

surements for leaf spectra were taken every 2 to 4 days for 106 days then reduced to once per 

week until the study ended at 127 days. Three leaves were selected from each plant, wiped to 

remove sooty mold and dust using distilled water, and patted dry prior to taking spectral mea­

surements. Throughout the inoculation trial, the same three leaves were used for measure­

ments, and so great care was taken to not damage these leaves. In instances where leaves were 

damaged or when leaves died, we selected replacements that were most like the lost leaf. As 

estimated chemistry profile of the leaves from the same plant were less variable than those 

between plants (one-way ANOVA applied to leaf-level pre-inoculation data), indicating that 

replacing fallen leaves likely had no or minimal effect on the results. To maintain consistency 

regarding time of day, spectra were collected between 8am and 2pm. A white reference was 

used to calibrate spectra every 20 to 30 minutes. Parabolic corrections were applied post-hoc to

minimize differences in spectral measurements resulting from temperature sensitivities of one 

of the sensors. The differential temperature sensitivities of sensors in the spectrometer causes a 

jump in the spectra at 1000 nm, which were corrected according to Hueni & Bialek [69]. Spec­

tra were trimmed to 400–2450 nm to minimize noise. Brightness normalization was applied to 

minimize between sample variation in illumination. 

Pre-inoculation sampling included all 188 clonal ramets, but we tracked 112 of these plants 

post-inoculation due to logistical constraints. Approximately half of the M. polymorpha geno­

types we measured were of the variety glaberrima. Of the four sites, PUKA, followed by STBK,

had the most mother trees sampled to make clonal ramets (Table 1). Clones selected for spec­

tral sampling post-inoculation represented all four sites as well as both genetic varieties and 

their hybrid. Five individual ramets per mother tree were sampled to capture the variation 

within each mother tree. For mother trees with fewer than five ramets, one replicate was sam­

pled to increase our geographic range; these trees were most commonly from the STBK site 

(Table 1). Twelve of the 21 plants inoculated with sterile water infused discs as negative con­

trols were sampled post-inoculation. 

Analysis 

To determine if spectroscopy could be used to distinguish C. lukuohia Resistant (n = 87) indi-

viduals from Susceptible (n = 101) individuals, we examined the separability of leaf spectra

from these two groups using pre-inoculation reflectance data using a modified version of the

methods used by Cavender-Bares [29]. As variations in reflectance spectra of M. polymorpha
grown in common gardens result from both environmental filtering and genotype [70], we

grouped individuals first by mother tree collection site and then by species variety. Sample

sizes were insufficient to separate data by both factors simultaneously. Reflectance data were

converted using principal component analysis (PCA) to obtain a lower dimensional dataset

that expresses information relevant to biological diversity [71] using the pca function from the

scikit learn python v. 3.6.9 [72]. PCA is commonly used in spectroscopy applications to reduce

dimensionality, and the resulting PC have been shown to correspond to ecologically-relevant

metrics such as diversity [71, 73] and canopy structure [74]. We then assessed whether any of

the principal components (PC) separated clones between Resistant and Susceptible mother

trees using a two-way ANOVA using the statsmodels python package [75]. The number of PC

was limited to the sample size of each group. The two-way ANOVA assessed the influence of

either collection site or genotype/variety on C. lukuohia symptom expression, and the interac-

tion of ROD susceptibility and either site or genotype. Two-way ANOVAs were applied to

https://doi.org/10.1371/journal.pone.0287144
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data representing each variety and site, respectively. We additionally assessed the separability 

of plant reflectance data by site and genotype using PCA, one-way ANOVA, Tukey HSD pair­

wise comparison to significant PC according to the ANOVA (S3, S4 Tables). Statistical signifi­

cance was defined as p < 0.05.

Next, we assessed ROD symptom progression via leaf chemical constituent indices derived 

from reflectance spectra. Eight leaf chemical constituent indices, hereafter referred to as leaf 

chemistries, were estimated from the reflectance data using spectro-chemometric equations 

developed by Asner et al. for M. polymorpha [50]. These conversion equations use partial least

squares regression (PLSR) to estimate percent leaf water, nonstructural carbohydrates (NSC) 

such as sugars and starches, total nitrogen (N), total carbon (C), and chlorophylls a and b 

(summed here and referred to as chlorophyll a+b). These equations additionally estimated 

structural (lignin and cellulose) and secondary (phenols and tannins) compounds. This 

method has been used to develop universal broadleaf spectro-chemical equations [30, 76]. We 

note that the chemometric equations developed by Asner et al. [50] used an integrating sphere 

while we used a plant probe and leaf clip, which may result in minor offsets in estimated chem­

istry values. As the chemistries were used in a comparative analysis, the slight differences 

between our values and those of Asner et al. [50] did not affect the interpretation of the results. 

Leaf chemistries were binned according to the disease symptom scale ratings of the plant at the 

time of measurement. For this, we pooled all post-inoculation sampling points. As the rate of 

ROD progression differed for each inoculated clone, this method allowed us to control for dif­

ferences in time to symptom onset. We used a one-way ANOVA to determine whether leaf 

chemical trait values differed across symptom progression levels. 

Lastly, we sought to detect early leaf chemistry indicators of ROD susceptibility. To do this,

we compared the leaf chemistry of Susceptible individuals at disease progression levels 0 and 1

(asymptomatic and early-stage symptom onset) to Resistant individuals across time. We first

normalized data at all time points using the negative control plants. Then we plotted the mean

deviation from pre-inoculation trait values for each group over time. To detect significant dif-

ferences between plants that succumbed to ROD and those that were classified as Resistant, we

performed a t-test using the scipy python package at each sampling time point [72].

Results 

A total of 65 (35%) of the initial 188 clones died (severity rating of 5) due to C. lukuohia inocu­

lation by the end of the 127-day trial. Thirty-six individuals showed wilt symptoms (rating 1 to 

4) but had yet to progress to disease progression stage 5 (Fig 2A), with the remaining 87 clones

showing no sign of disease (severity rating of 0). Of the 112 individuals sampled for leaf reflec­

tance throughout the inoculation trial, 41 were Ceratocystis wilt-symptomatic at a variety of 

disease progression levels, with 20 having died during the trial (Fig 2B). The influence of site, 

variety, or their combination on Ceratocystis wilt resistance were not significant (P = 0.059 to

P = 0.147; Fig 3; S2 Table). While not a significant predictor of resistance, site and genotype

did affect foliar spectra. Principal components (PC) of leaf reflectance spectra separated all 

variety (S3 Table) and site (S4 Table) pairings. 

Spectroscopy of disease resistance 

Putative Ceratocystis wilt resistance was detectable in leaf spectra using PCA and ANOVA, 

but sample sizes of clones were insufficient to assess the detectability of a resistance signal in 

the spectra within one genotype from one collection site. We therefore evaluated individuals 

grouped first by collection site then variety using two-way ANOVA. While both site and plant 

variety had significant effects on leaf spectra, we present only results where disease resistance 

https://doi.org/10.1371/journal.pone.0287144
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Fig 2. Cumulative counts by day of symptomatic (wilted) Metrosideros polymorpha clones after artificial

inoculation by Ceratocystis lukuohia. (A) Counts for all plants sampled pre-inoculation and (B) counts for plants

sampled post-inoculation. Stacked histograms are colored based on disease progression level. Mean disease severity

(wilt) ratings are as follows: where 0 = fully asymptomatic, 1 = 1 to 25% foliar crown wilt, 2 = 26 to 50%, 3 = 51 to 75%,

4 = 76 to 99% and 5 = plants being completely dead (100% wilted).

https://doi.org/10.1371/journal.pone.0287144.g002 

data or the interaction of either site x resistance or genotype x resistance were significant.

When grouped by variety, spectra of incana resistant and susceptible individuals were separa-

ble in PC 1, while the interaction of resistance x site was significant in PC 12 (Table 2). PC 1

additionally separated individuals by site. The hybrid had only one significant PC (25) based

on resistance (Table 2). The variety glaberrima had a larger sample size (Table 1) as well as

more significant PCs than the other varieties. PCs 3 and 5 significantly separated Resistant and

Susceptible clones; site was also significant at these PCs (Table 2). The interaction of resistance

x site was significant at PC 12 and 25 (Table 2).

Reflectance spectra grouped by site separated clonal ohia genotypes based on ROD survi­

vorship for three of the four sites. We found no significant patterns in reflectance spectra 

based on resistance at the STBK site (results not shown). IPIF had two PCs, 7 and 21, that sepa­

rated the data based on resistance, and one (PC 23) that separated the data by the interaction 

of site x genotype (Table 2). PC 7 additionally distinguished spectra based on variety. PUKA 

had two PCs that distinguished resistant from susceptible individuals (PC 1 and 23), and the 

interaction between resistance x genotype was significant in PC 5 (Table 2). Lastly, resistance 

https://doi.org/10.1371/journal.pone.0287144.g002
https://doi.org/10.1371/journal.pone.0287144
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Fig 3. Boxplot showing proportion of asymptomatic Metrosideros polymorpha clones after artificial inoculation 

with Ceratocystis lukuohia. “Resistance Rate” is denoted as (A) the range of proportion of asymptomatic (disease 

rating of 0) clones per mother tree collection site or (B) range of proportions of asymptomatic clones per plant variety. 

Analysis of variation (ANOVA) indicated that differences in resistance rate are not significant. Site locations and their 

abbreviations on Hawai‘i Island are denoted as: Institute of Pacific Islands Forestry (IPIF), Keaukaha Military Reserve 

(KEMR), Stainback Highway (STBK), and Pu‘u Kaliu (PUKA) in the district of Puna. 

https://doi.org/10.1371/journal.pone.0287144.g003 

was significant in PC 11 for KEMR while the interaction of resistance x genotype was signifi­

cant in PC 4. 

Rod symptom progression 

All nine modeled leaf chemistries had significant differences between Ceratocystis wilt disease 

progression levels according to an ANOVA (Fig 4). Tannins, chlorophyll a+b, NSC, total C, 

leaf water, and phenols all decreased as ROD symptoms progressed (Fig 4). Cellulose was the 

only trait to increase with advancing disease severity levels. Trait variability within each disease 

severity level increased positively, except for chlorophyll a+b and lignin (Fig 4). This variability 

often peaked at disease severity level 2 and 3, with traits converging as the clones continued to 

wilt and senesce. 

To further investigate how Ceratocystis wilt symptoms appear in early disease progression

stages, we compared leaf traits of Susceptible clones in the early stages of symptom expression

(disease severity levels 0 and 1) with Resistant saplings (Fig 5). Patterns for cellulose showed

decreases in both groups post-inoculation. While Susceptible individuals showed increased cel-

lulose above pre-inoculation levels, Resistant individuals showed persistently low cellulose (Fig

5). Spectral patterns for lignin were consistent across trials for both groups but were lower in

Susceptible individuals at only two sampling points (Fig 5). Both tannins and phenols increased

post-inoculation in all plants, with levels returning to pre-inoculation levels by the end of the

trial period (Fig 5). Susceptible individuals had lower phenol levels than both their pre-inocula-

tion levels and Resistant plants at the end of the trial period. Chlorophyll a+b divergence

between Susceptible and Resistant clones could be observed almost immediately after inocula-

tion, with Resistant clones maintaining higher chlorophyll a+b levels throughout the sampling

period (Fig 4). For both resistant and Susceptible individuals, NSCs remained near pre-inocu-

lation levels, with some initial spikes in the first month of the inoculation trial (Fig 5). Total C

decreased in Susceptible clones approximately one month following inoculations and contin-

ued declining throughout the sampling period (Fig 5). Resistant plants maintained relatively

constant total C. Leaf water declined slightly post-inoculation in both groups, and divergence

https://doi.org/10.1371/journal.pone.0287144.g003
https://doi.org/10.1371/journal.pone.0287144
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Table 2. Results of two-way analysis of variance (ANOVA) assessing whether principal components (PC) of leaf reflectance data differentiate Metrosideros polymor-
pha that are Resistant and Susceptible to Ceratocystis lukuohia by artificial inoculation. Data were alternately grouped by species variety (left) and site of mother tree

origin (right), and groupings are indicated by bolded headings. Only PCs that were significant for either resistance or the interaction between resistance and site or variety

are shown. Site locations and their abbreviations on Hawai‘i Island are denoted as: Institute of Pacific Islands Forestry (IPIF), Keaukaha Military Reserve (KEMR) and

Pu‘u Kaliu (PUKA) in the district of Puna.

F p-value 

Incana
PC 1 

Resistance 9.416 0.005 

Site 13.437 0.000 

Resistance x Site 0.286 0.754 

PC 12 

Resistance 0.143 0.709 

Site 0.143 0.868 

Resistance x Site 3.576 0.042 

Hybrid 

PC 25 

Resistance 9.398 0.004 

Site 0.502 0.609 

Resistance x Site 1.791 0.182 

Glaberrima
PC 3 

Resistance 7.368 0.008 

Site 3.580 0.032 

Resistance x Site 1.186 0.311 

PC 5 

Resistance 4.957 0.029 

Site 7.164 0.001 

Resistance x Site 1.119 0.331 

PC 12 

Resistance 3.163 0.079 

Site 7.564 0.001 

Resistance x Site 4.138 0.019 

PC 25 

Resistance 0.014 0.907 

Site 0.194 0.824 

Resistance x Site 4.704 0.012 

F p-value 

IPIF 

PC 7 

Resistance 4.420 0.042 

Variety 6.000 0.005 

Resistance x Variety 0.423 0.658 

PC 21 

Resistance 5.758 0.021 

Variety 3.083 0.057 

Resistance x Variety 1.972 0.153 

PC 23 

Resistance 2.246 0.142 

Variety 1.940 0.157 

Resistance x Variety 3.702 0.034 

PUKA 

PC 1 

Resistance 4.147 0.046 

Variety 2.449 0.094 

Resistance x Variety 1.673 0.195 

PC 5 

Resistance 0.179 0.673 

Variety 1.438 0.245 

Resistance x Variety 3.323 0.042 

PC 23 

Resistance 4.859 0.031 

Variety 0.081 0.923 

Resistance x Variety 1.009 0.370 

KEMR 

PC 4 

Resistance 0.001 0.975 

Variety 1.838 0.194 

Resistance x Variety 5.283 0.035 

PC 11 

Resistance 16.514 0.001 

Variety 0.919 0.352 

Resistance x Variety 0.258 0.619 

https://doi.org/10.1371/journal.pone.0287144.t002 

between pre- and post-inoculation levels increased around day 75 (Fig 5). Lastly, total N 

remained near pre-inoculation levels in both groups, with a notable negative spike around day 

30 that corresponds to positive spikes in phenols, NSCs, and tannins (Fig 5). 

Discussion 

In this study, we were able to: 1) identify key spectral differences between pre-inoculation Sus-
ceptible and Resistant M. polymorpha individuals; and 2) examine the post-inoculation pro­

gression of changing foliar chemistries across resistance conditions, varieties, and site 

https://doi.org/10.1371/journal.pone.0287144.t002
https://doi.org/10.1371/journal.pone.0287144
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Fig 4. Boxplots of the nine Metrosideros polymorpha leaf traits derived from reflectance spectra according to Asner et al. [50]. Trait values are displayed

by disease severity ratings after artificial inoculation with Ceratocystis lukuohia. Differences across disease progression levels were significant for all estimated

leaf traitsaccording to ANOVA. Mean disease severity (wilt) ratings are as follows: where 0 = fully asymptomatic, 1 = 1 to 25% foliar crown wilt, 2 = 26 to 50%,

3 = 51 to 75%, 4 = 76 to 99% and 5 = plants being completely dead (100% wilted).

https://doi.org/10.1371/journal.pone.0287144.g004 

variables. When we controlled for variation associated with M. polymorpha variety and site, we

were able to use leaf-level spectroscopic measurements and modeled chemistries to detect dis-

ease resistance signals in reflectance data. By nondestructively sampling reflectance data and

https://doi.org/10.1371/journal.pone.0287144.g004
https://doi.org/10.1371/journal.pone.0287144
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Fig 5. Metrosideros polymorpha leaf chemistry changes over time after artificial inoculation with Ceratocystis lukuohia. Chemistry changes are shown as

deviation from values estimate from pre-inoculation leaf spectra. Blue lines represent Resistant individuals (disease severity rating of 0 throughout the trial

duration), while orange lines represent Susceptible individuals (those with disease severity ratings from 1 to 4) at a time when disease progression levels where 0

and 1. All data were normalized using control plants. Leaf chemical values with significant differences according to a t-test are depicted by black lines at the

bottom of each graph. Lines above the horizontal black line represent times when resistant plants were greater in a particular trait than susceptible plants, and

ticks below represent the reverse.

https://doi.org/10.1371/journal.pone.0287144.g005 

https://doi.org/10.1371/journal.pone.0287144.g005
https://doi.org/10.1371/journal.pone.0287144
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converting to chemical trait estimates, we were able to understand host response to C. lukuohia
infection. We observed declines in six of the nine leaf traits following inoculation, and an

increase in one trait (cellulose), as symptoms progressed in susceptible plants. Asner et al.

found similar in situ changes in leaves collected from healthy canopies killed by Ceratocystis
[50]. Further, by comparing the derived chemical response of Resistant and early-stage Suscep-
tible plants, we gained insight into the mechanisms of resistance, discussed below, to C. lukuo-
hia. Taken together, these analyses provide promising results for next stage plane based

remote sensing studies of disease resistence in native M. polymorpha forests.

We demonstrated that resistance to Ceratocystis wilt of ‘ōhi‘a is detectable in leaf-level

reflectance data by applying a two-way ANOVA to PCs of reflectance measurements collected

prior to inoculations. With the exception of the STBK site, we identified at least one PC that

separated individuals based on their susceptibility to C. lukuohia for each taxonomic variety

and site grouping. Site of origin and taxonomic classification as well as their interaction with

resistance had significant effects on many of the PCs that separated the data based on resis-

tance. As a result, it is important to consider the effect that genetic variation has on reflectance

data when assessing resistance. This conclusion is confirmed by prior studies that have demon-

strated the strong influence of both taxonomic classification and environmental filtering on

leaf spectra of M. polymorpha grown in common gardens [70]. M. polymorpha is dominant

across many ecological niches, and environmental filtering plays an important role in selecting

for specific varieties of this genetically-diverse species [64, 77, 78]. This, in turn, has resulted in

heritable differences in reflectance spectra of M. polymorpha across environmental gradients

[70]. Disease resistance screening using spectroscopy is in early stages of development, but this

technique has been demonstrated to successfully distinguish between resistant and susceptible

hosts in a number of forest and agricultural plant species [16, 20, 34, 36]. This study demon-

strates that a resistance signal to C. lukuohia infection is present in leaf reflectance data, but

because of the influence of site and genetic factors on leaf spectra, it is important to continue

considering these factors in future investigations.

M. polymorpha leaf traits not only responded to C. lukuohia inoculations, but Resistant and

early-stage Susceptible individuals differed in their leaf trait responses, indicating that response

mechanisms differ between these individuals. Lignin and cellulose are structural molecules

found in plant cell walls. As lignin levels in hosts have not been found to be responsive to Cera-
tocystis infection [21, 50], its lack of change across the disease severity levels was not surprising.

In contrast, leaf cellulose increased in Susceptible individuals as disease progression levels

advanced while leaf cellulose decreased in Resistant plants. In Arabidopsis thaliana, mutants

with inhibited cellulose synthesis demonstrated greater resistance to fungal pathogens, likely

due to upregulated production of antimicrobial secondary metabolites, demonstrating that

inhibited cellulose synthesis may be indicative of novel defense pathways and increased disease

resistance [79]. Due to the lower leaf cellulose levels in Resistant M. polymorpha individuals

compared to early-stage Susceptible plants and the increase in cellulose across the disease pro-

gression levels, we hypothesize that a novel defense pathway may be present in resistant M.

polymorpha but not susceptible individuals.

In response to plant stress caused by drought or pathogens, NSC production increases ini-

tially, but long-term stress depletes NSC levels as growth slows relative metabolic functions

[80–82]. In symptomatic (i.e. wilted) canopies of mature M. polymorpha trees infected by C.

lukuohia, NSC concentrations can decrease by 30–45% compared to asymptomatic canopies

[50]. For both Resistant and Susceptible individuals, leaf NSC levels spiked three times in the

first month, suggesting that both groups demonstrated a stress response to C. lukohia inocula-

tion. In situ, green canopies in the early stages of responding to infections likewise had higher

NSC concentrations [21]. As disease symptoms progressed in susceptible individuals, NSC

https://doi.org/10.1371/journal.pone.0287144
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concentrations decreased as metabolic functions demanded more energy than was being pro­

duced and stored as NSC. 

Phenols and tannins are compounds that support a plant’s secondary defense mechanisms,

the production of which can be induced by infection [83, 84]. In some species, high phenol lev-

els are indicative of disease resistance [85, 86]. We observed a disease-induced response in

both tannins and phenols for all plants. In situ estimates of secondary compounds in wilted

canopies of M. polymorpha likewise showed an increase in phenols, though there was no

response in tannin levels [21]. In this study, following the initial response to inoculation, phe-

nols and tannins decreased as the plants senesced.

Chlorophyll a+b declined in early-stage susceptible plants. This decline likely induced the

decrease in total C observed in Resistant plants as disease-induced chlorophyll reductions can

lead to impaired photosynthesis and therefore carbohydrate synthesis [87, 88]. Chlorophyll

degradation in susceptible, diseased hosts has led to successful early detection of agricultural

diseases using chlorophyll fluorescence [89, 90]. Chlorophyll fluorescence has additionally

been used to screen for disease resistant hosts in agricultural crops as florescence characteris-

tics differ between resistant and susceptible individuals [91–93]. Plant classified as Resistant in

our study maintained consistent chlorophyll a+b and total C levels throughout the inoculation

trial. Due to the differential response of chlorophyll a+b in Resistant and Susceptible plants,

chlorophyll fluorescence may be a useful screening mechanism for the ‘ŌDRP.

Overall, six of the nine chemistries we estimated decreased, and one, cellulose, increased

across the six severity levels for rating C. lukuohia-induced symptom expression. At disease

severity levels 2 and 3 (26–76% wilt), we found high variability in those seven chemistries, sug-

gesting that leaf chemistry is rapidly changing at this point in symptom progression. At the

canopy level, Weingarten et al. found that leaf water content, percent N, chlorophyll a+b, NSC,

phenols, cellulose, and leaf water differed between healthy green M. polymorpha canopies and

those that were asymptomatic and later became wilted [21]. While our study confirmed that

these traits change prior to canopy browning, we found only short-term increases in NSC and

phenols and that these traits decreased in later stages of plant decline and death. Unlike Wein-

garten et al. [21], which only assessed canopies in earlier stages of wilting, we also detected

decreases in tannins and total C in response to C. lukuohia inoculation, though the decline in

tannins was confirmed by Asner et al. when comparing healthy and senesced canopies in situ
[50].

As with with other aggressive forest diseases, it is necessary to detect infected individuals,

understand how the pathogen affects the host, and then identify resistant individuals. The

potential of using remote sensing to screen for resistant individuals has been demonstrated in

both agricultural and forest systems [16, 20, 34, 36]. Here, we demonstrate that resistance in

M. polymorpha to C. lukuohia is detectable using VSWIR spectroscopy. Due to the sensitivity

of reflectance data to genetic factors, these must be considered in resistance screening pro-

grams. By sampling M. polymorpha leaf reflectance throughout the inoculation trials, we dem-

onstrated the ability of these data to non-destructively monitor changes in leaf traits over time.

We observed changes in seven of the nine estimated traits throughout symptom progression.

Further, we observed different responses in Resistant and early-stage Susceptible clones, most

notably in chlorophyll a+b and cellulose. Future applications of spectroscopy to forest patho-

gens will allow us to address questions related to some of the most problematic diseases.
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http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0287144.s001
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tial and final collection are represented as light grey lines.
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S2 Table. Results of a two-way ANOVA exploring the effect of site and variety on mother 

tree survival rate. 
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according to the ANOVA are displayed. Variety pairs differentiable according to pairwise

Tukey HSD are highlighted.
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S4 Table. ANOVA and pairwise Tukey results assessing separability of greenhouse-grown 

individuals collected from different sites using principal components (PC) of leaf reflec­
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