
ABSTRACT 

NEUFELD, KATIE NICOLE. Epidemiology of Cucurbit Downy Mildew: Predicting Risk of 

Disease and Validation of the CDM ipmPIPE Forecasting System (Under direction of Dr. 

Peter Ojiambo). 

 

Cucurbit downy mildew (CDM) caused by the obligate oomycete pathogen, 

Pseudoperonospora cubensis is considered one of the most damaging disease of 

cucurbitaceous crops worldwide. The pathogen propagates via asexual sporangia that are 

aerially dispersed over long distance and deposited on host plants following rain events. 

Infection of cucurbits by P. cubensis primarily depends on temperature and moisture. 

Temperature, leaf wetness duration, solar radiation, long-distance sporangia transport and 

sporangia deposition have been integrated within an aerobiological modeling framework of 

the CDM ipmPIPE (Pest Information Platform for Extension and Education) to predict risk 

of disease outbreak in cucurbit crops in the eastern United States. However, the risk of 

disease development following initial infection has not been established and growers 

continue to apply fungicides in a prophylactic manner during the growing season. In the 

present study, models predicting the daily risk of infection using important weather variables 

were developed and optimum decision thresholds for scheduling fungicides based on these 

models were established. Finally, the CDM ipmPIPE forecasting system was validated with 

regard to predicting the risk of disease outbreak in the eastern United States. 

Daily temperature and hours of relative humidity >80% over a 24- and 48-h period 

were used to develop binary logistic regression models to predict the daily risk of infection of 

cucurbits by P. cubensis. Both 24 and 48-h models had correct classification rates >73% and 

a true skill statistic (TSS) of 0.57 and 0.48 for the 24 and 48-h model, respectively, with both 

statistics indicating good model performance. Optimal decision thresholds (PT) were 



constructed in order to reduce overall management costs of applying fungicides. External 

validation of the models using data collected in Charleston, SC, resulted in correct 

classification rates of >88% for the 24 and 48-h model. Values of TSS for the validated 

model were 0.62 and 0.97 for the 24-h and 48-h cases, respectively, indicating a good to very 

good model performance. Models were validated on squash and cantaloupe, with correct 

classification rates >67% over both host types. Based upon current operating and fungicide 

costs, optimal decision thresholds were calculated for cucumber, squash and cantaloupe for 

both 24 and 48-h models. Based on specific economic assumptions, PT decreased gradually 

with increasing prevalence (Prev) with the 24-h model decreasing more rapidly than the 48-h 

model and the value of using the models for making disease management decisions was 

greatest at low levels of disease prevalence. 

Validation of the CDM ipmPIPE forecasting system was conducted by relating 

disease forecasting outputs to the presence of sporangia and appearance of first disease 

symptoms. Rainwater samples from eight states were collected from planting to first disease 

report in experimental fields from 2013 to 2015 and presence of sporangia verified using 

specific primers for PCR. The pathogen was detected in 38 of the 187 rainwater samples 

collected during the study. Disease forecasting had an overall accuracy of 66% when 

forecasts were compared to the presence of sporangia in rainwater and 75% based on the 

appearance of first disease symptoms. The TSS statistic calculated based on the appearance 

of disease symptom in cucurbit fields ranged from 0.42 to 0.58, indicating that the 

performance of the disease forecasting system was acceptable to good in predicting the risk 

of cucurbit downy mildew outbreaks in the eastern United States.  
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CHAPTER 1 

Literature Review 

1.1 Cucurbitaceae 

The family Cucurbitaceae is a large and heterogeneous group of plants, and 

comprised of over 118 genera with 825 species (Lebeda and Cohen, 2011). The family is 

distinct morphologically and biochemically from other plant families and is, therefore, 

considered monophyletic. Members of this family are distributed predominantly around the 

tropics and those with edible fruits were amongst the earliest cultivated plants in both the Old 

and New Worlds (Cutler and Whitaker, 1961). The family includes economically important 

crop plants such as squash (Cucurbita spp.), watermelon (Citrullus lanatus), melon (Cucumis 

melo L.) and cucumber (Cucumis sativus). Fruits from cucurbit plants can be consumed raw 

or cooked, with squash and pumpkin having the highest levels of vitamin A and are rich in B-

complex vitamins. Seeds from many cucurbits are also used as a source of oil for cooking 

and a protein source in several countries in Africa, Asia and Latin America. Other parts of 

the plant, such as leaves and flowers are also eaten and are rich sources of vitamins and 

minerals (Zitter et al., 1998).  

  Cucurbits are sensitive to winter frost and have different reactions to heat and cold. 

Different cucurbit species are cultivated in tropical, temperate and desert regions of the world 

(Zitter et al., 1998). Within the United States, cucumbers are grown on more than 83,000 

hectares (NASS, 2015) and this production level ranks the country as the third largest 

producer worldwide with an average production of 1 billion kilograms of cucumbers. Melons 

and squash (including pumpkins) are grown on over 73,000 and 60,000 hectares, 
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respectively. In the United Sates, commercial production is typically found in the 

southeastern states of Florida, Georgia, Alabama, South Carolina, North Carolina, 

Mississippi, and Tennessee and California on the west coast (Figure 1.1). Michigan is the top 

producer of cucumbers within the country followed closely by Florida, with North Carolina 

ranking fifth in the nation (NASS, 2015). California, Texas and Florida are the largest 

production regions of melons, and Illinois and Florida are top producing states of pumpkin 

and squash, respectively in the United States (NASS, 2015). Cucurbits grown in the southeast 

region are subject to warm humid weather that is conducive for the development of several 

foliar diseases. Of these diseases, cucurbit downy mildew caused by the obligate oomycete 

Pseudoperonospora cubensis, is perhaps economically the most important (Lebeda and 

Cohen, 2011). 

 

1.2 Pathogen Taxonomy 

  Pseudoperonospora cubensis is a biotrophic obligate pathogen that infects many 

species of the family Cucurbitaceae. The pathogen was first described by Berkeley and Curtis 

in herbarium plant material from Cuba in 1868 (Berkeley and Curtis, 1868). It was not until 

1903 that the pathogen was described on live plant material in Russia (Skalický, 1961). In the 

past, P. cubensis was referred to as Peronospora cubensis, Plasmopara cubensis, or 

Peronoplasmopara cubensis (Dick, 2001). Based on subsequent taxonomic classification, P. 

cubensis was reclassified to belong to kingdom Chromista, subdivision 

Peromosporomycotina, class Peronosporomycetes or Oomycetes under the order 

Peronosporales in the family Peronosporaceae (Lebeda and Cohen, 2011). The difference 
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between Peronospora and Pseudoperonospora is based on the observations that members 

within Peronospora have sporangia that germinate directly via a germ-tube whereas 

sporangia of members within Pseudoperonospora germinate indirectly via cytoplasmic 

cleavage to produce zoospores (Palti and Cohen, 1980). Sporangia of P. cubensis are 

typically grey to purple in color, lemon-shaped with a papilla at the distal end and measure 

about 20 to 40 × 14 to 25 μm in diameter (Lebeda and Cohen, 2011). Sporangia are easily 

dislodged from sporangiophores and dispersed by rain or air. Following germination of 

sporangia, the development of zoospores is dependent upon environmental conditions, 

especially temperature and moisture.  

 Sporangia form at the tips of sporangiophores, which emerge from stomatal openings 

in groups of 2 to 6 (Choi et al., 2005). The shape and branching of sporangiophores has been 

used to characterize individual genera of Pseudoperonospora, Plasmopara and Peronospora. 

For example, Pseudoperonospora sporangiophores branch at acute angles irregularly for the 

first and second branches and then branches dichotomously with pointed tips (Waterhouse, 

1973). Peronospora conidiophores branch acutely and resemble sporangiophores but branch 

dichotomously (Waterhouse, 1973). Plasmopara sporangiophores branch at right angles, 

contain cross walls, and have truncated tips (Waterhouse and Brothers, 1981). Although 

differences in sporangiophores can be used to identify genera, the cucurbit host type has a 

major impact on the morphology of Pseudoperonospora species. As such, the sole use of 

morphological characteristics may not be adequate for species identification in the family 

Peronosporaceae (Runge and Thines, 2011).  
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 The genus Pseudoperonospora includes five different species: P. cubensis, P. humuli, 

P. cannabina, P. celtidis and P. urticae that are morphologically similar (Choi et al., 2005; 

Constantinescu and Fatehi, 2002). Recent work has shown that there are few morphological 

differences between P. humuli and P. cubensis (Runge and Thines, 2012). Efforts to identify 

genetic markers to differentiate between the two species can be useful in detection of 

inoculum and diagnostic assays of field samples (Ojiambo et al., 2015). The use of single 

nucleotide polymorphisms (SNPs) has identified genetic differences between the two species 

(Mitchell et al., 2009). Seven markers were identified as specific to P. cubensis and can be 

used in identification (Withers et al., 2016). Recently, a study by Summers et al. (2015) 

developed real time PCR primers to detect and differentiate sporangia of the two species 

collected in air samples. These recent results demonstrate the role of genetic markers in 

identification of species and relatedness of species within the genera Pseudoperonospora 

(Tian et al., 2011).  

 

1.3 Pathogen Biology 

 Pseudoperonospora cubensis is an obligate foliar pathogen that causes chlorotic 

lesions on the adaxial leaf surface of infected hosts. In cucurbit species, lesions vary in size, 

shape and color (Figure 1.2). Typically, lesions typically are angular in cucumber, due to the 

restriction by the leaf veins. In melon and watermelon, lesions are not always bound by leaf 

veins and are more circular and irregular (Holmes et al., 2015). Among the plants parts, 

cotyledons are usually more susceptible than true leaves and symptoms on young, newly 

developing leaves are rare (Lebeda and Cohen, 2011). After initial infection, lesions expand 
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in size and may become necrotic. Over the course of a few days, lesions expand and 

coalesce, killing leaves, a process that can result in destruction of the entire plant (Lebeda 

and Cohen, 2011). Under field conditions, incubation time ranges between 4 to 12 days 

depending on environmental conditions and the inoculum load (Cohen, 1977). 

Sporangiophores form within 5 to 7 days after initial infection and a new infection cycle can 

begin on susceptible hosts every 7 to 10 days (Lebeda and Cohen, 2011).  

  The main infective propagules of Pseudoperonospora cubensis are sporangia (asexual 

spores), which are light grey to deep purple in color (Thomas, 1996). Sporangia are attached 

to hyaline sporangiophores that form on the abaxial surface of leaves from stomata (Choi et 

al., 2005). Once sporangia are dislodged from the tips of sporangiophores, their lifespan is 

usually not longer than 48 h. Dispersal of sporangia onto susceptible host tissue is required 

during this time period for germination to occur. At higher temperatures (35°C and 40°C) 

and humidity combinations (84 to 90%), infectivity of sporangia decreases. However, in 

presence of low humidity (5 to 28%), infectivity of sporangia is maintained even at higher 

temperatures (Cohen and Rotem, 1971). Contact with moisture is required for the 

germination and release of zoospores from sporangia (Cohen, 1981). Germination of 

sporangia will be disrupted if they are exposed to a dry period for 10 to 15 min (Cohen, 

1977).  

  Sporangia germinate indirectly through cytoplasmic cleavage and release 5 to 15 

biflagellate zoospores that are 10 to 13 μm in diameter (Thomas, 1996). Once zoospores 

form, they settle, they lose their flagella, and encyst near stomatal apertures (Cohen, 1981). 

High temperatures result in immediate cyst formation with an optimum temperature of 25°C 



 

6 

(Cohen, 1981). A germ tube forms and produces an appressorium which then enters the host 

tissue through the stomatal opening. Although P. cubensis infects primarily through the 

stomatal openings, direct penetration has also been reported (Lebeda and Cohen, 2011). 

Hyaline coenocytic hyphae form and grow through the mesophyll and palisade tissues. 

Within the mesophyll cells, clavate-branched haustoria invade the plant cell membrane which 

provides the pathogen with nutrients. Sporangiophores then form in groups from the stomatal 

opening, on the lower leaf surface. The formation of the sporangiophores is dependent on 

humidity and moisture on the leaf surfaces (Cohen, 1981).  

 Recently, sexual reproduction was reported in P. cubensis. The mating system is 

heterothallic and requires two opposite mating types, A1 and A2 (Cohen and Rubin, 2012). 

Sexual reproduction results in the formation of oospores which occur at the end of the season 

when infected tissue becomes necrotic (Lebeda and Cohen, 2011). Formation of oospores 

under field conditions is rare and has been reported in only a few countries in which P. 

cubensis is an important pathogen (Cohen et al., 2003, Singh and Sokhi, 1989, Zhang et al., 

2012). Cohen and Rubin (2012) first reported oospore formation and described opposite 

mating types in P. cubensis under controlled conditions in the laboratory. Since that study 

(Cohen and Rubin, 2012), opposite mating types have been reported in several countries 

including the United States (Cohen et al., 2015). Recent work has shown the presence of both 

mating types in the United States and their ability to form viable oospores under laboratory 

conditions (Thomas et al., 2017a). The significance of oospores in the disease cycle and the 

epidemiology of the disease is not well understood, and the role of sexual reproduction and 
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oospores formation in the biology and epidemiology of cucurbit downy mildew is yet to be 

established.  

 

1.4 Host Range and Pathogenicity 

Pseudoperonospora cubensis infects a broad range of hosts, all within the Cucurbitaceae. 

The pathogen infects nine cultivated hosts and some wild species or semi-cultivated plants. 

However, there likely additional cultivated hosts that are as yet unreported (Lebeda and 

Cohen, 2011). It is estimated that 60 species and 20 genera are hosts of P. cubensis either 

through artificial inoculations or natural infection (Lebeda and Cohen, 2011). The host 

genus, Cucumis, has the largest number of susceptible hosts with 8 wild species and two 

cultivated species, C. sativus L. (cucumber) and C. melo L. (muskmelon). Cucurbita and 

Citrullus also include important hosts of P. cubensis. Five species within Cucurbita, which is 

comprised of gourds and squashes, are widely grown in many parts of the world (Lebeda and 

Cohen, 2011).      

 Several studies have been conducted to determine the host range and differential 

severity among commonly cultivated cucurbit crops. Doran (1932) conducted a host study 

using cucumbers, melons, gourds, squash and pumpkin and observed no infection on squash 

and pumpkin, while infection on muskmelon and cucumber was moderate and severe, 

respectively. Similarly, using cucumber, cantaloupe and watermelon and two isolates of P. 

cubensis derived from cucumber and watermelon, Hughes and Van Haltern (1952) found that 

the cucumber isolate severely affected cucumber and cantaloupe but minimally affected 

watermelon. The isolate from watermelon caused severe disease on watermelon but moderate 



 

8 

disease on cucumber and cantaloupe. Thomas et al. (1987) conducted a host range study in 

order to develop a framework that could be used to characterize and identify pathotypes of P. 

cubensis. The study comprised isolates from three countries, Japan, Israel and the United 

States. The differential host set this study utilized was composed of Cucumis sativus, C. melo 

var. reticulatus, C. melo var. conomon, C. melo var. acidullus, Citrullus lanatus and 

Cucurbita pepo. This study was able to distinguish five pathotypes of P. cubensis with 

isolates from Japan belonging to pathotype 1, 2 or 3 and those from the United States as 

pathotype 4 or 5 (Thomas et al., 1987). The differential set used by Thomas et al. (1987) had 

several limitations (Lebeda and Widrlechner, 2003) and it did not include important host 

genera such as Luffa, Lagenaria and Benincasa. Lebeda and Widrlechner (2003) developed a 

new differential set consisting of 12 genotypes which characterizes pathotypes by 

distinguishing between 12 ‘pathogenicity factors’. This differential set was used to identify 

pathogenic variability among 22 isolates of P. cubensis originating from European countries 

(Lebeda and Gadasová, 2002). The results distinguished 13 different pathotypes that differed 

from pathotypes 1 to 5 previously described by Thomas et al. (1987). In subsequent years, a 

new pathotype was described by Cohen et al. (2003) as pathotype 6 and additional 

pathotypes 7, 8, 9, 10 may be present in Asia (Cohen et al. 2015). The differential set was 

also expanded to include two additional genera, Momordica and Trichosanthes for a total of 

fifteen cucurbit host types. In an effort to address the resurgence of the disease in the United 

States (see below), the virulence structure of P. cubensis was recently characterized using  22 

isolates collected a wide range of cucurbits in eastern United States (Thomas et al., 2017b). 
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The study by Thomas et al. (2017b) identified pathotypes 1, 3, 4, 5 and 6. Pathotypes 1 and 3 

had not been previously reported in the United States.    

 

1.5 Epidemiology  

 Sporangiophores form inside the infected, colonized host and emerge through 

stomatal openings when relative humidity is greater than 90%. Sporulation occurs on lesions 

that are mature but typically before the lesions become necrotic. Under the right conditions, 

sporulation can take place in as little as 4 to 5 days after infection (Lebeda and Cohen, 2011). 

Heavy sporulation occurs after periods of darkness but this is strongly dependent on the 

ambient temperature (Cohen and Eyal, 1977). The pathogen requires at least 6 h of darkness 

in order to form sporangia (Cohen, 1977). Environmental conditions affect the timing and 

length of sporulation. Lower temperatures delay the start of sporulation but increase the 

length of time a lesion will sporulate (Cohen, 1977).  

  The source of initial inoculum for infection of cucurbits by P. cubensis has been a 

major focus of many research programs. Transmission through seed from infected fruit tissue 

is one possible avenue for dissemination (Cohen et al., 2014). However, in the United States, 

the presumed lack of overwintering oospores for P. cubensis coupled with the sensitivity of 

cucurbits to frost implies that the pathogen cannot survive in areas where temperatures are 

low enough to destroy cucurbit crops (Thomas, 1996). As such, P. cubensis is widely thought 

to overwinter as active mycelium in cultivated or wild species of cucurbits in frost-free 

southern areas of the continental United States (<30° latitude), for example, in southern 

Florida and along the Gulf of Mexico (Bains and Jhooty, 1976). Thus, in areas >30° latitude, 
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onset of disease epidemics depends on the aerial dispersal of sporangia from the subtropical 

overwintering sources (Nusbaum, 1944) or from protected greenhouse cultivation of cucurbit 

crops. 

  Although P. cubensis can be dispersed by wind and through water, aerial dispersal of 

sporangia is the primary method of dissemination and sporangia can be dispersed aerially 

over long distances on a regional scale (Ojiambo and Holmes, 2011). Sporangia are released 

into the air during a decrease in relative humidity which results in the twisting of 

sporangiophores and the release of sporangia (Lange et al., 1989). Due to the change in 

humidity and leaf wetness in the morning to afternoon, concentrations of sporangia are 

higher in the morning compared to afternoon hours (Cohen and Rotem, 1971; Neufeld et al., 

2013). Based on studies on the aerobiology of P. cubensis (Neufeld et al., 2013), spore 

release begins at sunrise and peaks about 3 to 4 hours later with dispersal ending at about 

1000 h with few spores being released afterwards (Cohen and Rotem, 1971). The distance 

spores can be aerially transported depend on the release height within the canopy and the 

wind conditions during spore release (Aylor, 1990; Neufeld et al., 2013). Current empirical 

evidence indicates that P. cubensis sporangia can be dispersed up to a distance of 1,000 km 

from their source (Ojiambo and Holmes, 2011). Survival of sporangia during transport is 

dependent on temperature, humidity and solar radiation (Kanetis et al., 2010; Thomas, 1996). 

Of these three weather variables, solar radiation is the most critical determinant to survival of 

sporangia (Kanetis et al., 2010) with most sporangia remaining viable during cloudy days. 

Depending on the prevailing weather, viability of sporangia during transport can range from 

1 to 16 days (Cohen, 1981).   
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 Due to the annual extinction-colonization cycles of P. cubensis and the ability of 

sporangia to be disseminated aerially, aerobiological models are used to track the regional 

spread of the pathogen and to provide forecasts of the disease during the growing season. The 

cucurbit downy mildew forecasting system (cdm.ipmpipe.org) was developed in 2008 with 

funding from the United States Department of Agriculture Pest Information Platform for 

Extension and Education (USDA PIPE) to provide growers with real-time epidemic status of 

the movement of P. cubensis and forecasts of cucurbit downy mildew in the eastern United 

States (Ojiambo et al., 2011). A network of over 40 collaborators (Ojiambo et al., 2011) 

routinely scout sentinel, commercial and research plots and report disease outbreaks to the 

forecasting website (http://cdm.ipmpipe.org). This information has also used to track the 

temporal and spatial spread of the disease from southern Florida northwards along the east 

coast in the United States as the season progresses (Ojiambo and Holmes, 2011) and to 

model and quantify the risk of disease spread at the landscape level (Ojiambo and Kang, 

2013). Disease forecasts are based upon i)outbreaks of disease in cucurbit sentinel plots and 

source fields ii) the projected path of spore transport based upon prevailing wind conditions 

and iii) conducive weather conditions for pathogen deposition, infection and disease 

development within the surrounding areas. Forecasts allow growers to receive customized 

reports and begin spraying when risk of infection is a threat to their crops (Ojiambo et al., 

2011).  

 Germination of sporangia of P. cubensis and subsequent infection of host plants by 

the pathogen is dependent on temperature and moisture or leaf wetness. Leaf wetness is 

required for infection to occur, while temperature determines the extent of disease 

http://cdm.ipmpipe.org/
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development (Arauz et al., 2010). In absence of leaf wetness, the development of cucurbit 

downy mildew is limited regardless to the ambient temperature (Palti and Cohen, 1980). The 

minimum duration of leaf wetness required for infection to occur is 2 h (Cohen, 1977) and 

the optimum temperature range is between 15 and 20°C (Cohen and Rotem, 1969). However, 

recent studies have suggested a broadening of the infection range of P. cubensis with 

infection occurring even at 30°C (Arauz et al., 2010). The interactive effects of temperature 

and leaf wetness also influence sporangia germination and the degree of disease severity 

(Arauz et al., 2010). For example, in the study by Arauz et al. (2010), a distinct optimum for 

infection was observed at 20°C for wetness periods of 4 to 8 h but broader optimum curves 

were observed for wetness periods > 8 h. Based on the model from (Arauz et al., 2010), risk 

threshold charts for cucumber, cantaloupe and squash host types were constructed to estimate 

the potential risk for infection based on observed or forecasted temperature and leaf wetness 

durations (Neufeld et al., 2012).  

 

1.6 Disease Management 

 Advances in breeding for disease resistance is strongly linked to the availability of 

sources of host resistance and a method for evaluating resulting host genotypes for resistance. 

Resistance to cucurbit downy mildew among cucurbit varieties differs considerably with 

Cucumis melo and Cucurbita pepo having the most available sources for disease resistance 

(Lebeda, 1999). Resistance in cucumber was developed in early 1950s. However, breakdown 

in host resistance has been observed due to genetic changes in P. cubensis (Lebeda and 

Cohen, 2011). Resistance was first identified in 1954 in the cucumber accession PI 197087 as 
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the recessive gene dm1 (Barnes and Epps, 1954). Plants with the homozygous recessive gene 

exhibited a classic hypersensitive response characterized by sparse pathogen sporulation, 

small lesions, tissue necrosis and rapid cell death. Within the United States, the dm1 gene 

consistently controlled disease in commercial cultivars from the 1950s until 2004 (Holmes 

and Thomas, 2006; Holmes et al., 2006). A change in the pathogen population structure 

occurred in 2004 that resulted in breakdown of host resistance and subsequently widespread 

losses of cucumber crops in the United States (Holmes and Thomas, 2006; Holmes et al., 

2015). Although high levels of resistance are no longer present in cucumber cultivars, the 

dm1 gene still confers some level of resistance. In contrast, cultivars without dm1 are 

infected earlier in the season than those with dm1 and have higher levels of disease (Holmes 

et al., 2004).  

In the absence of cultivars with acceptable levels of resistance, management of 

cucurbit downy mildew now relies heavily on the use of fungicides. Sales of fungicides used 

for management of all downy mildews was estimated at $120 million in 1996 (Gisi, 2002). 

these sales, 10% were for fungicides used against P. cubensis on cucurbit crops (Urban and 

Lebeda, 2006). For adequate disease control, an aggressive spray program is recommended, 

with sprays every 5 to 7 days for cucumbers and 7 to 10 days for other cucurbits (Hausbeck 

and Cortright, 2009). In an effort to improve fungicide efficiency and apply fungicide only if 

and when it is necessary, a disease forecasting system is now available to help growers 

decide when to apply the initial spray (Holmes et al., 2004; Ojiambo et al., 2011). These 

forecasted risks can prevent growers from making unnecessary sprays saving on average 2 

sprays per field season or roughly a savings of 6 million dollars in the top three producing 
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states (Ojiambo et al., 2011).  In cucurbits, the timing of the initial spray is key in the 

management of the disease during the season and can reduce the total number of subsequent 

sprays and thus, reduce the cost of production and risk of P. cubensis developing resistance 

to fungicides.    

There are many different groups of chemistries (e.g., phenylamides, carbamates, 

dithiocarbamates, cymoxanil, copper, chlorothalonil, fosetyl-A1, hymexazol, fentins, 

dimethomorth, propamocarb, fluazinam, phthalimides and strobilurins) that are used to 

control cucurbit downy mildew (Gisi, 2002). Protectant fungicides such as dithiocarbamates 

and chlorothalonil have been used preventatively prior to disease onset. These protectant 

fungicides prevent zoospore release and cystospore germination and are effective only if 

sprayed before infection or sporangia deposition (Urban and Lebeda, 2006). Systemic 

fungicides such as phenylamides, strobilurins, and carboxylic acid amides have been 

effective in controlling the disease after infection in the field but have been prone to lose 

efficacy due to development of insensitive populations of by P. cubensis. Considered one of 

the top ten pathogens at risk of developing resistance to fungicides by FRAC (2005), P. 

cubensis has developed resistance to several fungicides. Resistance to metalaxyl was reported 

in 1980 which was followed by reduced sensitivity to mancozeb (Reuveni et al., 1980; 

Thomas and Jourdain, 1992). Resistance to phenylamide-based products developed shortly 

after release of these fungicides to the market (Lebeda and Schwinn, 1994). Greenhouse 

studies have shown that resistance to strobulurins and mefenoxam containing products is 

widespread across the eastern United States (Colucci and Holmes, 2007). In a study to 

synthesize data from fungicide trials conducted over a period of ten years in the United 
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States, the fungicide fluopicolide (Presidio) was found to be the most effective in 2008, 

followed by carbamates (e.g., propamocarb) and quinone inside inhibitors (e.g., cyazofamid) 

(Ojiambo et al., 2010). However, fluopicolide recently has shown reduced efficacy in the 

field (Adams and Quesada-Ocampo, 2014; Hausbeck and Linderman, 2014; Langston and 

Sanders, 2013) and resistance under in vitro conditions has been confirmed (A. Thomas et al. 

unpublished). Resistance to dimethomorph and cymoxanil has also reported in the Czech 

Republic (Pavelkova et al., 2014).    

 

1.7 Rationale and Justification 

Pseudoperonospora cubensis is an obligate pathogen that cannot survive in the 

absence of its host. Therefore, disease outbreaks in the continental United States annually 

rely on the aerial introduction of sporangia from overwintering sources in southern Florida 

(Ojiambo et al., 2015). Infection of cucurbits by P. cubensis is primarily dependent on 

interactive effects of temperature and leaf wetness (Arauz et al., 2010) and various 

combinations have been used to delineate the risk of infection of cucurbits (Neufeld and 

Ojiambo, 2012). Results of these studies have been integrated in aerobiological models 

(Ojiambo et al., 2011) to predict the risk of initial outbreak of cucurbit downy mildew in the 

continental United States. Predicted risk of infection to cucurbit host crops has facilitated 

decisions on the timing of the first fungicide spray (Ojiambo et al., 2011), but there is no 

advisory system available to determine the risk of disease development during the growing 

season. As such, subsequent fungicide applications are applied in a prophylactic manner 

regardless of whether the prevailing weather factors are conducive or not conducive for 
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disease development. Quantitative analysis of weather factors associated with daily infection 

risk of cucurbit downy mildew can result in models that predict risk of disease development 

during the season. Such models can guide decisions on spray applications after initial 

infection and thus, increase fungicide efficiency and reduce economic costs associated with 

prophylactic based applications. 

 To predict the development of the disease during the growing season, a quantitative 

analysis of weather factors that are associated with the daily risk of infection needs to be 

conducted. This type of analysis requires that experiments be conducted under field 

conditions with interrupted or non-continuous periods of temperature and leaf wetness. Such 

an approach has not been carried out for cucurbit downy mildew. The first step in 

formulating a disease management strategy is to identify the most important risk factors 

among those within a long list of possible candidates (Madden et al., 2007). Once the key 

factors have been identified, they need to be combined in such a way that they can be used to 

predict whether a fungicide application is required. In cucurbit downy mildew, temperature, 

relative humidity and leaf wetness play a key role in disease development when sporangia are 

present (Palti and Cohen, 1980; Cohen, 1977; Cohen and Rotem, 1969; Neufeld et al., 2012), 

but they have not been evaluated under interrupted or non-continuous periods of temperature 

and leaf wetness, typical of field conditions. These factors have not yet been combined to 

develop risk algorithms to make assessments on the need for application of fungicides during 

the season. Since downy mildew now occurs annually, growers have resorted to calendar 

based application of fungicides to protect their crops during the season. A single fungicide 

spray to all primary cucurbit-producing areas in the United States costs approximately $11 
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million and growers may need 4 to 10 fungicide sprays per crop. Therefore, reducing 

unnecessary fungicide sprays increases production efficiency and reduces exposure of 

agricultural workers, consumers and the environment to fungicides (Babu and Hallam, 1989; 

Pimentel et al., 1992). A recent study on the prevalence of cucurbit downy mildew in the 

United States indicated that the prevalence of disease varies from year to year (Ojiambo and 

Holmes, 2011). Thus, fungicide treatments may not be required every year and everywhere, 

and a considerable reduction in the number of sprays can be achieved if sprays are applied 

only when necessary. 

Understanding the relationship between yield loss and some measurable variables of 

the target pathosystem are a prerequisite to developing decision tools for disease 

management. Although the production situation of each field can greatly affect the economic 

efficiency of a decision tool, this is rarely taken into account. Environmental and agricultural 

factors which are also known to influence the impact of cucurbit downy mildew (Lebeda and 

Cohen, 2011) are the production factors that are usually considered in developing any given 

decision support tool. Risk algorithms based on logistic regression that are commonly used in 

medical epidemiology can be used to assess the risk of plant disease epidemics (Yuen et al., 

1996; Garrett et al., 2004). These algorithms use observations describing the pathosystem to 

calculate an index of the need for fungicide application. A decision tool based on a statistical 

approach is necessarily imperfect. The errors in recommendations can be of two types: either 

the model recommends spraying unnecessarily, or it recommends not spraying when it would 

have been necessary. The relative frequency of the two types of error obviously will depend 

on the specific disease prevalence in the context of use of the decision tool (Yuen et al., 
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1996). The costs associated with both types of error are generally different (Shtienberg, 

2000); therefore, disease prevalence will partially determine the economic pay-off of the use 

of the model and the optimal decision threshold to adopt (Metz, 1978). The influence of 

production situations then can be considered by introducing an a priori, specific, context-

dependent level of disease prevalence. An analysis of the model’s specificity and sensitivity 

can then facilitate fitting the decision threshold to any production situation through the 

determination of the corresponding specific optimal decision threshold (Gent and Ocamb, 

2009).  

Since the implementation of the CDM ipmPIPE forecasting system in 2008, several 

studies have been conducted to incorporate knowledge of the biology of P. cubensis into 

components of the system in order to improve the accuracy and efficiency of disease 

forecasting (Ojiambo et al., 2015). Indeed, the system has been instrumental in helping 

cucurbit growers make rational decisions of ‘if’ and ‘when’ to apply the first spray of the 

season on their cucurbit crops (Ojiambo et al., 2011). Extension specialists in Georgia, North 

Carolina, and Michigan have reported that growers save between 2 and 3 fungicide 

applications due to information posted about the threat from cucurbit downy mildew. With 

about 50,000 hectares of cucurbits in the three states and at an average cost of $60/ha for a 

single fungicide application, this translates into more than $6 million in savings to producers 

in these states (Ojiambo et al., 2011). Although the CDM ipmPIPE forecasting system has 

had a clear impact on the management of cucurbit downy mildew, the system has not yet 

been validated. Validation ensures that the system meets its intended requirements in terms 

of the methods employed and the results obtained. The CDM ipmPIPE can be validated by 
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associating forecasted risks of disease outbreaks with availability of sporangia or disease 

occurrence in the field. Use of sporangia in the validation process requires that the presence 

of sporangia is verified. The ultimate goal of model validation is to make the forecasting 

system useful in the sense that it addresses the right problem, provides accurate information 

about the disease system, and represents and correctly reproduces the behavior of the disease 

in the field (McRoberts et al., 2011). Once validated, growers will have increased confidence 

in the performance of the forecasting system, and more growers will adopt this decision tool 

as part of their cucurbit production practices.   

Based on the above considerations, the overall goal of this dissertation was to 

understand factors that influence the daily infection risk of cucurbits by P. cubensis and 

establish the accuracy of the CDM ipmPIPE system in forecasting the risk of disease 

outbreak in the eastern United States. The specific objectives of this dissertation are to:  

1. Develop a model to predict the daily infection risk of cucumber by Pseudoperonospora 

cubensis (Chapter 2).  

2. Validate a daily infection risk model for the infection of other cucurbit host types by 

Pseudoperonospora cubensis (Chapter 3).  

3. Validate the performance of an integrated aerobiological model for predicting the risk of 

cucurbit downy mildew in the eastern United States (Chapter 4). 

4. Develop 5’nuclease probes to detection and quantify sporangia of Pseudoperonospora 

cubensis in rainwater (Appendix). 
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Figure 1.1 Total acreage of all cucurbits produced in the United States based on the 2012 

USDA Agricultural Census.  
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Figure 1.2 Symptoms of cucurbit downy mildew on cucumber (A), cantaloupe (B), squash 

(C) and watermelon (D). Lesions in cucumbers are typically more angular and vein bound. 

Lesions in squash and watermelon are typically more circular and irregular in size. Photos 

courtesy of Dr. Gerald J. Holmes. 
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CHAPTER 2 

A model to predict the risk of infection of cucumber by Pseudoperonospora cubensis 
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Abstract 

Infection of cucurbits by Pseudoperonospora cubensis and subsequent development of 

cucurbit downy mildew (CDM) is primarily driven by prevailing weather factors. However, 

weather factors that influence the daily infection risk of cucurbits by P. cubensis have not 

been characterized in detail. Field experiments were conducted from 2012 to 2014 in 

Clayton, North Carolina and Charleston, South Carolina under naturally occurring inoculum. 

Weather factors were monitored and bioassay cucumber plants were exposed to prevailing 

weather conditions over a 24- and 48-h period. Disease severity was assessed 7 days after 

exposure and logistic regression models were developed to predict the probability of disease 

development on the bioassay plants. Hours of relative humidity >80% and day temperature 

were identified to be important predictors of the risk of infection for both the 24-h and 48-h 

cases. Threshold probability 
T( )P  on the receiver operating characteristic curve (ROC) that 

minimized the overall error rate for the 24-h and 48-h model was 0.54 and 0.62, respectively. 

Model accuracy as estimated using area under ROC (AUC) ranged from 0.82 to 0.86, with a 

correct classification rate ranging from 0.73 to 0.80. Specificity rates of the models ranged 

from 0.72 to 0.86, while the sensitivity rates ranged from 0.71 to 0.76. External validation of 

the models using an independent data set collected in South Carolina, showed good 

performance of the models with an AUC > 0.91. Using estimates of economic damage and 

costs of management, optimal decision thresholds that minimized the average costs due to 

disease control and crop loss were determined. Optimal decision thresholds were dependent 

on disease prevalence and management decisions informed by the models reduced average 

costs when disease prevalence was ≤0.50 and ≤0.90 for the 24- and 48-h models, 
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respectively. However, the value of using the models for making disease management 

decisions was greatest at low levels of disease prevalence. The 
TP  for the validation models 

was 0.2 and under this threshold, the 24-h model had a correct classification, sensitivity and 

specificity rates of 0.88, 0.91 and 0.71, respectively, and the corresponding values for the 48-

h model were 0.98, 0.97 and 1.0, respectively. These models provide accurate estimates of 

the daily infection risk of cucumber by P. cubensis and could serve as a useful decision 

support tool to guide fungicide applications to manage CDM during the growing season. 

 

1. Introduction 

 Plant disease epidemics are an outcome of an ecological process that occurs at 

different spatio-temporal scales involving an interaction between a host and a pathogen 

population in the presence of a conducive environment (Madden et al., 2007). Subsequent 

development of the disease epidemic is closely influenced by differences in the susceptibility 

of the host population and virulence of the pathogen. The extent of the epidemic is 

determined by the environment, which is characterized by factors, such as temperature and 

moisture, which influence availability of inoculum and weather conditions, during the 

growing season. In the absence of adequate disease control, disease epidemics can result in 

severe yield losses, and where control measures are applied, epidemics increase costs 

associated with crop management (Madden et al., 2007). Thus, one primary goal in botanical 

epidemiology is to predict the risk of disease development at various spatio-temporal scales 

(Madden, 2006). Models that predict the risk of disease development can aid growers in 
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making informed decisions that can result in more efficient and efficacious disease 

management.  

Cucurbit downy mildew, caused by the oomycete Pseudoperonospora cubensis, is 

one of the most economically important pathogens of cucurbits worldwide. The pathogen 

infects over 60 species across 20 genera in the family Cucurbitaceae (Lebeda, 1992). The 

most economically important cucurbit hosts include cucumber, summer squash, winter 

squash, watermelon and pumpkin (Savory et al., 2011). In the United States, the disease in 

cucumber was controlled using resistant varieties with minimal fungicide application since 

the 1960s. However, the disease resurged in 2004, leading to widespread losses across the 

south-eastern part of the country (Holmes et al., 2015). Recent studies have shown that 

pathotypes and lineages of P. cubensis historically associated with cucurbits only in East 

Asia are now present in the United States (Thomas et al., 2017a). These new pathotypes have 

resulted in an increase in the virulence of pathogen populations in the United States (Thomas 

et al., 2017b). Host resistance alone is no longer effective, and thus, fungicides are now 

routinely applied to control the disease.  

 Pseudoperonospora cubensis is an obligate pathogen that cannot survive in absence 

of its host. Thus, disease outbreaks in the continental United States rely on annual 

introduction of air-borne sporangia from overwintering sources in southern Florida (Ojiambo 

et al., 2015). In the presence of the pathogen, infection of cucurbits by P. cubensis is 

primarily dependent on interactive effects of temperature and leaf wetness (Arauz et al., 

2010). Infection can occur over a range of temperatures (5 to 30°C), leaf wetness durations (2 

to 24 h) and relative humidity (Arauz et al., 2010; Neufeld and Ojiambo, 2012; Yang et al., 
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2007). However, the optimum temperature for infection ranges between 15 to 20°C and the 

minimum duration of leaf wetness is 2 h (Cohen, 1977; Cohen and Rotem, 1969). In the 

absence of leaf wetness, other weather factors have a very limited effect on infection and 

disease development (Palti and Cohen, 1980). Various combinations of temperature and leaf 

wetness durations have been used to delineate the risk of infection of cucurbits by P. 

cubensis (Neufeld and Ojiambo, 2012), and these results have been integrated in 

aerobiological models (Ojiambo et al., 2011) to predict the risk of initial outbreaks of 

cucurbit downy mildew in the continental United States. While the aerobiological modeling 

approach has facilitated decisions on the first fungicide spray (Ojiambo et al., 2011), there is 

no advisory system available to determine the risk of disease development during the 

growing season once disease is found. As such, subsequent fungicide applications are applied 

in a prophylactic manner irrespective of whether the prevailing weather factors are conducive 

or not conducive for disease development. Quantitative analysis of weather factors associated 

with a daily infection risk of cucurbit downy mildew can result in models that predict the 

risks of disease development during the season. Such models can guide decisions on spray 

applications after initial infection and increase fungicide efficiency compared to 

prophylactic-based applications. 

 Prediction models that guide decisions on whether to spray are more likely be 

adopted if they offer cost advantages over conventional strategies (Gent et al., 2013). Thus, 

assessing the potential for net gains from these predictive systems is key for their successful 

use in the field. Models designed to facilitate decision making on whether or not to apply 

treatments are, in their simplest form, rules associated with a risk indictor and a decision 
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threshold (Mumford and Norton, 1984). A risk indicator is a calculation performed to assess 

the risk that a disease will produce severe yield losses in a crop. The need to apply a 

treatment is evaluated by comparing the value of the indicator assessed in a given field to a 

decision threshold, and a treatment is recommended if the indicator value exceeds the 

decision threshold (Gent and Turechek, 2015). The profitability of the spray treatment 

program depends on the accuracy of the predictor model, cost and efficiency of the control 

measure, potential yield loss and disease prevalence in the field (Fabre et al., 2007). Cost-

benefit and receiver operating characteristic (ROC) curve theories can be used to determine 

net gains of the resultant prediction model (Fabre et al., 2003; Fabre et al., 2007). 

 This study was conducted to quantify the weather factors that most influence the 

infection of cucurbits by P. cubensis and to develop and establish the potential for net gains 

from of a prediction system that determines the need for a fungicide spray during the 

growing season. Thus, the specific objectives were to: i) identify key weather factors 

associated with daily infection of cucurbits by P. cubensis, ii) develop a model to predict the 

daily infection risk of cucurbits by P. cubensis and validate the model using independent 

data, and iii) derive optimal management action thresholds to identify action thresholds for 

models that reduce average costs of disease control and crop loss. 

 

2. Materials and methods 

2.1. Plant material and growth conditions  

Cucumber plants of the downy mildew-susceptible cultivar ‘Straight 8’ were used in 

this study. Seeds were directly sown in 8-cm Styrofoam cups containing vermiculite. Plants 
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(one plant/cup) were maintained in a greenhouse devoid of downy mildew with natural light 

and a temperature regime of 32 and 26°C (day and night, respectively). Plants were watered 

once daily with deionized water and twice weekly with half strength Hoagland solution 

(Hoagland and Arnon, 1950).   

Field plots were established at the NC State University Central Crops Research 

Station in Johnston County near Clayton, North Carolina (35°40'04.2"N 78°30'20.0"W) from 

2012 to 2014 to provide a steady source of field inoculum for infection bioassay experiments 

(described below). Seed of a moderately resistant cucumber cultivar ‘Poinsett 76’ were 

directly seeded into raised beds covered with black polythene mulch and drip tape irrigation 

on 14 May 2012, 29 April 2013, and 19 May 2014. After plants reached maturity and began 

senescing, a new set of plants were seeded on 19 July 2012, 5 July 2013, and 4 August 2014. 

Experimental plots consisted of 10 rows, roughly 12 m long with 0.5 m spacing between 

rows. When necessary, plots were reseeded 1 week after the initial seeding to replace non-

germinated seeds, and 2 weeks after initial seeding, plots were thinned to one plant per hole. 

Plants were monitored regularly for growth, and fruit were harvested twice a week starting 

one month after planting to maintain plant vigor. Experimental plots were sprayed routinely 

with respective chemicals to control for insects and powdery mildew. Plots were infected 

with downy mildew from natural inoculum and disease progress was monitored bi-weekly. 

Initial symptoms were observed on 5 June 2012, 10 June 2013 and 30 June 2014, and disease 

was allowed to progress throughout the field. 
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2.2. Infection bioassay experiments 

An infection bioassay was used to identify weather factors associated with daily 

infection of cucurbits by P. cubensis as described by Royle (1973). Briefly, disease-free 

plants of Straight 8 raised in the greenhouse were placed in the field plots every week during 

a typical growing period (June through October). Bioassay plants at the third true leaf stage 

(~ 3 weeks old) were placed in the field at 1600 h and exposed to environmental conditions 

and natural inoculum for either a 24-h or 48-h period. In all years, bioassay plants were 

placed within the rows next to several fully developed cucumber plants with visible disease 

symptoms. A single set of bioassay plants consisted of 5 to 8 plants across the entire study. In 

total, 24, 28 and 40 sets of bioassay plants (i.e., cases) were monitored for both the 24-h and 

48-h periods in 2012, 2013 and 2014, respectively. Availability of inoculum in the field plots 

was monitored using a Burkhard volumetric spore trap (Burkhard Manufacturing Co., 

Ricksmanworth, United Kingdom) which was operated continuously during the exposure 

periods in the field plots.  

 After exposure, bioassay plants were placed in a growth chamber and incubated 

under a 12-h/ 12-h day/night light cycle with an approximate relative humidity of 70% and 

temperature regime of 22 and 18°C (day and night, respectively). Plants were watered from 

the bottom to avoid wetting the leaves and to reduce the chance of infection during the 

incubation period. Disease severity and incidence were assessed 7 days after exposure. To 

assess severity, the number and average size of the lesions was first recorded, and leaves 

were then detached to measure the total leaf area with a portable laser lead area meter (CID 

Bio-Science, Camas, WA). Disease severity (%) was then estimated as: (lesion area/total leaf 
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area) × 100. Mean disease severity for all plants in each case provided an estimate of disease 

severity for each 24- and 48-h exposure period.  

 

2.3. Weather data  

Weather variables at the field site were monitored and recorded every 30 min with a 

Campbell Scientific CR1000 datalogger (Campbell Scientific, Inc., Logan, UT) and a 

Watchdog model 450 (Spectrum Technologies, Aurora, IL). Variables such as temperature 

and relative humidity were recorded using both systems to verify accuracy, while some 

variables recorded were specifically recorded using one device, i.e. rainfall measured with 

Watchdog model 450 and 3610TWD. Solar radiation was measured using a pyranometer at 

ground level.  Temperature, relative humidity, and leaf wetness duration were measured 0.5 

m above the ground. Rainfall was measured with a tipping rain bucket mounted 1.5 m above 

the canopy.  Weather measurements were averaged over each hour, and solar radiation dose 

(MJ/m
-2

) was calculated using solar radiation and duration of exposure (Kanetis et al., 2010). 

Leaf wetness measurements were calibrated by observing leaves on several mornings and 

noting when wetness was present and the time of leaf drying. Leaves were considered wet 

during a 30-min period if the sensor resistance (Watchdog 3610TWD) was > 6, precipitation 

was recorded, or relative humidity was > 95%.  

 

2.4. Model for risk of infection  

 Besides simple variables such as temperature, relative humidity or leaf wetness, 

compound weather variables (Table 2.1) with a ‘day’ or ‘night’ component were defined 
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using solar radiation flux. A solar radiation (SR) of at least 0.025 W/m
2
 indicated ‘day’, 

while periods with SR < 0.025 W/m
2
 were classified as ‘night’ over a 24-h period. Variables 

with cumulative degree hours were similarly defined and calculated based on the duration 

and quantity of the variable of interest (e.g., relative humidity, leaf wetness, etc) as described 

by Pfender (2003). For example, the variable degree-hour leaf wetness (dhLW) (Table 2.1) 

was obtained by multiplying temperature by the hours of leaf wetness needed for infection 

(Neufeld and Ojiambo, 2012) and summing the product over the time period for the defined 

wetness period.   

Box plots and scatter plots of potential weather variables were evaluated for cases 

with and without disease. Correlations between disease severity and potential weather 

variables were determined using Spearman’s rank correlation coefficient using the PROC 

CORR in SAS (version 9.3; SAS Institute, Cary, NC). Distribution of weather variables and 

days with and without disease were analyzed using the Kolmogorov-Smirnov (K-S) test 

using PROC NPAR1WAY in SAS. Exact P-values for the K-S test were derived using 

Monte Carlo simulations. Preliminary evaluations of predictor variables based on box plots, 

scatter plots, correlations and distributions of variables between days with cases of disease 

and no disease were used to identify useful predictors for model development. Selected 

predictor variables were then used to develop candidate binary logistic models to predict the 

infection risk of plants by P. cubensis.  

Binary logistic regression was used to develop models to predict daily risk of 

infection based on selected predictor weather variables. Let Y indicate infection for a given 

disease case and let Y = 1 if infection occurs, and Y = 0 if infection does not occur. Infection 
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was deemed to have occurred in the bioassay plants if disease severity >1%. Let Y(X) = Pr(Y 

= 1|X) denote the probability of infection for a given case defined by the vector of predictor 

variables T

1( ,..., )mx xX , where T denotes the transpose of the vector, and m is the number 

of predictors. The logistic regression model that relates related the probability of infection for 

a given disease case to the predictor variables can then be expressed as: 

                                    
0( )

1
( )

1
T

Y X
e

 



X

                                                                 (1) 

where 0 is an intercept and T

1 2 m( , ,.., )   are the coefficients. Preliminary models were 

constructed using forward and stepwise selection of predictor variables. For stepwise 

selection, the significance level for entry into the model was set to α = 1.0 and the 

significance level for remaining in the model was set to α = 0.10 to provide information on a 

large number of potential models. The models were fitted to the data using PROC 

LOGISTIC in SAS with the ‘all subset selection’ (SELECTION = score) method to select 

variables for the models. In the MODEL statement option, BEST = 1 was specified to output 

only the best (highest likelihood score statistic) one-predictor model, best two-predictor 

model, and so on. A model with the lowest Bayesian information criterion (BIC) was 

selected as the final model. The final model selected had a BIC that was at least two units 

lower than the next complex model. The model with fewer predictors was selected as the 

final where two models had very similar BIC values (Ramsey and Schafer 1997). 

Performance of final selected models was evaluated based on sensitivity (Se), 

specificity (Sp), model accuracy, and the area under the ROC curve (AUC). Se is the 

proportion of correctly classified cases in class = 1 (i.e., when infection occurred), while Sp 
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is the proportion of correctly classified cases in class = 0 (i.e., when infection did not occur). 

Accuracy of the model was defined as the proportion of correctly classified cases. Model 

accuracy was also evaluated using the true skill statistic (TSS) as: TSS = (Sensitivity + 

Specificity) ‒ 1. TSS ranges from ‒1 to +1, where values of zero or less indicate performance 

no better than random, while +1 indicates perfect agreement (Allouche et al., 2006). TSS was 

interpreted as follows: < 0.4, low agreement; TSS 0.40 to 0.55,  acceptable; TSS 0.55 to 0.70, 

good; TSS 0.70 to 0.85, very good; and TSS >0.85, excellent agreement beyond random 

chance (Monserud and Leemans, 1992).   

 

2.5. Receiver operating characteristic curve analysis  

A threshold probability (
TP ) needs to be defined to classify new observations before binary 

logistic models can be used in decision making. 
TP  influences the classification accuracy, Se, 

and Sp, and has a default value of 0.5 during validation procedures. However, values should 

be based upon considerations of model Se and Sp and costs associated with prediction errors. 

Receiver operating characteristic (ROC) curve analysis was used to evaluate selected models 

and identify decision thresholds. Cases for the 24-h and 48-h bioassays were classified as 

class = 1 for cases where infection occurred and as class = 0 where infection did not occur. 

Se and Sp of the 24-h and 48-h models were determined by calculating the proportion of 

correctly classified cases at each probability threshold. To construct the ROC curve for the 

24-h and 48-h models, the Se (or true positive proportion, TPP) of each model was plotted 

against 1‒Sp (or false positive proportion, FPP). The area under the ROC curve (AUC) was 

then used to compare the predictive ability of multiple models. Standard errors of each ROC 
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curve were calculated using PROC LOGISTIC in SAS, to test the null hypothesis that the 

AUC was >0.5. Each model was optimized for 
TP   that minimized overall error rate by 

identifying the point on the ROC curve that was at the furthest distance from the line of no 

differentiation (i.e., a non-informative predictor). This distance is defined as the Youden’s 

index (J) (Metz, 1978) and is calculated like TSS as:  J = Se + Sp ‒1.   

 

2.6. Derivation of optimal decision thresholds  

The Youden index J assigns equal weights to Se and Sp and does not account for false 

(positive and negative) predictions. However, Se and Sp are often not of equal economic 

importance in disease management since growers tend to be risk averse (Madden et al., 2007; 

Turechek and Wilcox, 2005). Thus, an optimum threshold probability (
OTP ) that minimizes 

management costs relative to error and accounts for the cost of false prediction is necessary 

to derive optimal decision thresholds (Fabre et al., 2007).  

 A cost function was used to derive 
OTP  as described by Gent and Turechek (2015) 

and Fabre et al. (2007). Briefly, if P is the probability that a fungicide application will result 

in a positive net return, 
OTP  is a threshold value such that if P <

OTP , then a fungicide 

treatment is not recommended, while if P >
OTP , then a fungicide treatment is recommended. 

Following the notation in Fabre et al. (2007), let the probability of disease exceeding a given 

threshold be represented by prevalence or Prev. If the costs (C) associated with a 

recommended or required treatment are denoted as C
++

 (true positive ), C
+‒ 

(false positive ), 
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C
‒+

 (false negative ) and C
‒ ‒

 (true negative ), the expected  costs associated with 
OTP  (i.e., 

OT( )C P ) for a given level of disease prevalence can be denoted as   

                          OT( ) Pr [ (1 ) ]

(1 Pr )[ (1 ) ]

C P ev Se C Se C

ev Sp C Sp C

 

 

     

    
                                  (2) 

Costs associated with C
++

, C
+‒

, C
‒+

 and C
‒ ‒ 

were estimated based on how the disease affects 

overall crop yield using information from previous studies. Based upon previous reports, 

spraying too late or missing one spray in a season can result in yield losses of about 40% 

(Adams et. al., 2014). The costs for C
++

 and C
+‒ 

were estimated to be $110 per hectare based 

upon a fungicide application of Presidio 4SL (Valent U.S.A. Corporation, Dublin, CA) of 

$100 per ha and an application cost of $10 per hectare (Ferreira, 2016). The cost for C
‒ ‒

 was 

assumed to be zero. Processing cucumbers are estimated to be worth $8,535/ha based on 

2012 market conditions and prices (NASS, 2012). These cost estimates assume costs 

associated with a single fungicide application that can result in a 40% end of season yield 

loss for a worst case scenario (Holmes et al., 2015). However, actual values associated with a 

recommended or required treatment will vary based upon cultivar resistance and disease 

pressure.   

Optimal decision thresholds were derived as described by Fabre et al. (2007) by 

minimizing 
OT( )C P  over a range of Prev values. This was achieved by setting the first 

derivative of C with respect to 
OTP  to zero. Approximations of the first derivatives of Sp 

(ΔSp) and Se (ΔSe) were estimated by fitting data to the following functions (Fabre et al., 

2003):  

          
OT OT( ) ln[ ( 1)]Sp P rp kp P                               (3) 
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OT OT( ) 1 exp[( ) 1]Se P ke re P                                   (4) 

Nonlinear regression using PROC NLIN in SAS was used to obtain estimates of the shape 

parameters rp, kp, re and ke, for the curves in Equations 3 and 4. The corresponding first 

derivatives of Equations 3 and 4 can be specified as follows:       

             
OT/ ( 1)Sp rp P                                                 (5) 

             
OTexp[( ) 1)]Se re ke re P                                    (6) 

For a given range of Prev, 
OTP was then estimated by minimizing the following equation: 

2[ (1 ) ( ) ( ]Sp Prev C C Se Prev C C                                   (7) 

Equation 6 was solved using the SOLVER add-in for Microsoft Excel (Microsoft Corp. 

Redmond, VA) as described by Gent and Turechek (2015).  

 

2.7. External model validation  

The 24-h and 48-h models developed to predict the daily infection risk of cucumber by P. 

cubensis were validated independently using data collected from field experiments conducted 

at the Clemson University Coastal Research and Education Center in Charleston, SC. These 

validation experiments were conducted in parallel with model development studies from 

2012 to 2015. Bioassay plants were exposed to natural field inoculum and weather as 

described in 2.2 above. Individual leaves of the plants were rated for disease severity 7 days 

after exposure in the field by visually estimating the leaf area infected (%). Mean disease 

severity across all plants in each case provided an estimate of disease severity for each 24- 

and 48-h exposure period. Weather conditions at Charleston were monitored using portable 
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Watchdog datalogger and summarized as described in 2.3 above. Observed cases with 

infection (= 1) and cases with no infection (= 0) were compared to model predictions for two 

exposure periods. The ROC curve analysis was used to access the performance of the 

validation models based on correct classification, specificity, sensitivity, AUC, and TSS as 

described above using the default threshold (= 0.5) and the optimum threshold probability (

OTP  ) for cost reduction for 24-h and 48-h cases.  

 

3. Results 

3.1. Infection bioassay  

Infection of plants by P. cubensis occurred in 58 of 92 cases monitored across the 

entire three-year study for the 24-h cases. The corresponding disease severity ranged from 1 

to 60% with a mean of 7.8%. For the 48-h cases, infection was observed in 75 of 92 cases 

monitored with a mean disease severity of 20.7% and a range of 1 to 97%.  

A total of 41 weather variables for the 24-h cases and 110 weather variables for the 

48-h cases were tested for their association with disease severity. For the 24-h cases, all 

variables were significantly (P < 0.05) associated with disease severity except for night hours 

of relative humidity >70% (nRH70), morning leaf wetness (mLW) and variables related to 

measurements of rain and solar radiation (Table 2.2). In addition, degree hours of relative 

humidity >70% (dhRH70) (ρ = 0.517; P < 0.0001), degree hours of relative humidity >80%  

(dhRH80) (ρ = 0.471; P < 0.0001), degree hours of relative humidity >90% (dhRH90) (ρ = 

0.425; P < 0.0001), hours of relative humidity >80% (RH80) (ρ = 0.384; P<0.0001) and leaf 

wetness (LW) (ρ = 0.356; P = 0.0005) were some of the variables that were highly correlated 
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with disease severity (Table 2.2). For the 48-h cases, all weather variables were also 

significantly (P < 0.05) associated with disease severity except for nRH70 and variables 

related to measurements of rain and solar radiation (Table 2.2). Similarly, variables that were 

highly correlated to disease severity were dhRH70 (ρ = 0.449; P < 0.0001), dhRH80 (ρ = 

0.415; P < 0.0001) and LW (ρ = 0.392; P = 0.0001) (Table 2.2). 

  Generally, weather variables that were significantly correlated to disease severity 

based on the Spearman’s rank correlation test were also significantly different on days with 

and without infection when analyzed using the K-S test (Table 2.2). An exception to this 

trend was night hours of relative humidity >80% (nRH80) and day temperature (dT), for the 

24-h and 48-h cases, respectively (Table 2.2). The variable nRH80 was highly correlated 

with disease severity (P = 0.0097) but the distribution of the variable was not significantly 

different between 48-hr bioassay cases with and without infection based on the K-S test (P = 

0.0500) (Table 2.2). Similarly, dT was significantly (P = 0.0395) correlated with disease 

severity, although the distribution of variable was not significantly different between cases 

with and without infection based on the K-S test (P = 0.2502). 

 

3.2. Infection model development  

The variables RH80, night temperature (nT) and LW were selected among variables 

associated with measurements of relative humidity, temperature and leaf wetness, 

respectively, as predictor variables for inclusion in subsequent analysis for model 

development based on their significant results in Spearman correlation and K-S tests for both 
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24-h and 48-h cases. In addition, dT was also selected as a potential predictor due to its low 

correlation with RH80 (r < ‒0.21; P < 0.0400) and LW (r < ‒0.08; P < 0.4626).   

For the 24-h cases, the distributions of dT (P = 0.0126), RH80 (P = 0.0028), nT (P = 

0.0007) and LW (P = 0.0442) were significantly different on days with infection and on days 

without infection (Table 2.2). The median values of dT, RH80, nT and LW were 25.3°C, 

15.0 h, 21.4°C and 8.5 h, respectively, for cases with infection and 23.4°C, 10 h, 18.6°C and 

3.0 h respectively, for cases without infection (Figure 2.1). Similarly, the distribution of these 

four predictors on days with and without infection was also significantly (P < 0.05) different 

for the 48-h cases except for dT (Table 2.2). The corresponding median values for dT, RH80, 

nT and LW were 24.9°C, 29 h, 20.9°C and 13 h, respectively, for cases with infection, and 

23.2°C, 19 h, 17.7°C and 7 h, for cases without infection (Figure 2.2).  

Several binary logistic regression models were developed to predict the probability of 

infection of cucumber by P. cubensis based on the 24-h (Table 2.3) and 48-h (Table 2.4) 

bioassay cases.  For the 24-h cases, models with dT, RH80, nT and LW were initially 

selected due to their BIC values. The model with RH80 and dT (BLR3) had the lowest BIC 

value compared to the remaining candidate models with other predictor combinations (Table 

2.3). Addition of LW in BRL3 resulted in a more complex model (BLR5) with a higher BIC 

than that of BLR3. Similarly, omission of dT in BLR3 resulted in a simpler model (BLR2) 

but with a high BIC value (Table 2.3). Thus, BLR3 was selected as the final model to predict 

infection based on RH80 and dT. Similarly, for the 48-h cases, the model with RH80 and dT 

(BLR9) had the lowest BIC value compared to the remaining candidate models with other 

predictor combinations (Table 2.4). Omission of RH80 in BLR9 resulted in a simpler model 
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(BLR8) but with a higher BIC value than that of BLR9. Similarly, addition of LW to BLR 

resulted in a complex model (BLR11) but also with a higher BIC value. Thus, BLR9 was 

selected as the final model to predict infection based on RH80 and dT for the 48-h cases.   

 

3.3. ROC curve analysis and model performance 

A probability cutoff point of 0.54 maximized the sum of sensitivity and specificity of 

the final selected 24-h model with RH80 and dT as predictor variables (Figure 2.3). The final 

model had a correct classification rate of 0.80 and accuracy, as assessed by AUC, of 0.86 

(Table 2.5). The sensitivity and specificity rates of the model were 0.88 and 0.71, 

respectively. Accuracy based on TSS (= 0.57) showed a good model performance (Table 

2.5). For the 48-h model, the summation of sensitivity and specificity was maximized at a 

probability cutoff of 0.62 and the final model had a sensitivity of 0.72 and specificity of 0.76 

(Table 2.5). The correct classification rate of the model was high with a value of 0.86, and 

the accuracy of the model as assessed by AUC was high with a value of AUC = 0.82. The 

TSS value of the model was 0.48 indicating a moderate performance of the model (Table 

2.5). 

 

3.4. Optimal decision thresholds  

Non-linear regression of 
OTP on Se (Equation 2) or Sp (Equation 3) provided a reasonable fit 

to the observed sensitivity and specificity values, respectively, for the 24-h and 48-h model 

(Figure 2.4). Estimates of the parameters describing the shape of the sensitivity and 

specificity curves were all significantly different from zero. Estimates for the specificity 
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curves for the 24-h and 48-h models were generally more similar than the estimates for the 

sensitivity curves for the two models (Table 2.6). In both models, 
OTP decreased with 

increasing Prev, with the decrease being much faster for the 24-h model than for the 48-h 

model (Figure 2.5). Model predictions reduced average costs compared to routine fungicide 

application, with actual reductions being dependent on disease prevalence. For a 40% end of 

season yield loss, the 24-h and 48-h models reduced average fungicide costs compared to 

routine application for Prev < 0.60 and < 0.95, respectively (Figure 2.5).  

 

3.5. External model validation  

The 24-h (BLR3) and 48-h (BLR9) models developed to predict infection were externally 

validated using independent disease data composed of 42 bioassay cases collected at 

Charleston, SC from 2012 to 2015. For the validation cases, the sum of sensitivity and 

specificity was maximized with a probability cutoff of 0.20 for both the 24-h and 48- h 

model. The AUC value for the validation model was 0.91 for the 24-h model and 1.0 for the 

48-h model (Table 2.7). Based on the optimized probability cutoff point, the correct 

classification, sensitivity and specificity rates for the 24-h model were 0.88, 0.91 and 0.71, 

respectively. The corresponding values for the 48-h model were 0.98, 0.97 and 1.0, 

respectively. Values of TSS for the externally validated model were 0.62 for the 24-h and 

0.97 for the 48-h cases, indicating performance of the models ranges from good to very good. 

 

4. Discussion 

This study was undertaken to develop models to predict the daily infection risk of cucumber 
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by P. cubensis. We sought to use predicted estimates of prevailing disease risk to guide 

treatments based on the economic returns of a fungicide application and crop loss. Key 

weather variables associated with the risk of infection by P. cubensis were identified and 

optimal decision thresholds that reduce average management costs and improve overall 

model accuracy were determined. Hours of relative humidity >80% (RH80) and day 

temperature (dT) were identified as key predictors of the risk of infection based on either the 

24-h or 48-h bioassay cases used in this study. Assuming a 40% end of season crop loss due 

to missing a single fungicide application, optimal decision thresholds could reduce average 

management costs. The value of the models in guiding management decisions is expected to 

be greatest at relatively low levels of disease prevalence. Models with optimized decision 

thresholds had a high accuracy when externally validated with independent data, indicating 

good performance of the models in predicting the risk of infection. To the best of our 

knowledge, this is the first study to develop models to predict the daily infection risk of 

cucumber by P. cubensis and also establish the economic value of decisions generated from 

such models when used to guide fungicide applications. 

The influence of specific weather variables on the infection of cucurbits by P. 

cubensis and subsequent disease development has been studied extensively (Arauz et al., 

2010; Cohen, 1977; Cohen and Rotem, 1969; Neufeld and Ojiambo, 2012). Previous studies 

have been conducted primarily under controlled conditions in growth chambers and their 

findings may not necessarily be useful in identifying key variables that influence the risk of 

infection under field conditions. One exception is the study by Ghosh et al. (2015) conducted 

to examine the influence of weather variables on development of downy mildew under field 
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conditions in eastern India. In the present study, while RH80, dT, leaf wetness (LW) and 

night temperature (nT) were identified as potential predictors of the risk of infection for both 

24-h and 48-h cases, only dT and RH80 were identified as significant predictors of risk of 

disease infection. Temperature is known to influence infection and determines the rate and 

extent of disease infection (Arauz et al., 2010; Cohen, 1977; Yang et al., 2007). Unlike dT, 

models with nT as a predictor variable were of low predictive ability, indicating the 

importance of dT over nT in summarizing the effects of temperature on the risk of infection 

by P. cubensis. The predictor dT seems to meaningfully summarize temperature 

measurements during critical periods of sporangia release and availability, and germination 

that occur during the day (Neufeld et al., 2013). The variable RH80 was also an important 

predictor of the risk of infection. Relative humidity ≥80% has been reported as a threshold 

for infection in the greenhouse (Yang et al., 2007), while weekly hours of RH >94% were 

found to be a good predictor of infection under field conditions (Ghosh et al., 2015). While 

LW was identified as a potential predictor of infection, simple or complex models with this 

variable were comparably less accurate than other candidate models. Ghosh et al. (2015) 

reported that LW is an important predictor of infection based on weekly average 

measurements of hours of LW. This discrepancy may be due to differences in scales of 

measurements of hours of LW, which was on a daily basis in the present study rather on a 

weekly basis in the study by Ghosh et al. (2015). Hours of RH above a specific threshold 

have been found to be useful surrogates for LW (Rowlandson et al., 2015; Sentelhas et al., 

2008), and RH80 as used in the present study may have indirectly captured the effects of LW 

on the infection of cucumber by P. cubensis. Measurements of RH or LW when expressed in 
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thermal units of degree-hours (e.g., dhRH80 or dhLW) account for multiplicative effects of 

temperature and moisture and could be useful predictors of infection (Gent and Ocamb, 

2009; Pfender, 2003). In the present study, dhRH80 or dhRH90 were highly associated with 

infection, but did not consistently differentiate days with and without infection.   

Several studies have examined the effects of weather variables on specific lifecycle 

components of P. cubensis with an emphasis on establishing or developing models for 

infection and sporangia germination primarily by manipulating temperature and moisture or 

relative humidity under controlled conditions (Arauz et al., 2010; Cohen, 1977; Neufeld and 

Ojiambo, 2013; Yang et al., 2007). While these studies have been useful in developing 

weather guidelines for initial infection, they do not quantitatively analyze weather factors 

associated with daily infection risk to facilitate decisions that reduce costs for managing 

downy mildew during the season. Based on weekly weather data, Ghosh et al. (2015) 

developed a logistic regression model to predict infection of cucumber in eastern India using 

night leaf wetness, night temperature, night relative humidity and night hours with RH >95% 

as predictors. The model by Ghosh et al. (2015) had sensitivity of 0.45 and specificity of 

0.93, resulting in a TSS = 0.38, which is indicative of low model performance (Monserud 

and Leemans, 1992). Cucurbit downy mildew develops rapidly and the potential damage 

caused by P. cubensis will be greater than the cost of treatment; thus, growers require a 

prediction model that has high sensitivity. A model with a high specificity would be needed 

if the goal is to reduce the costs of fungicide application, or if there is a decrease in prices of 

cucumber or an increase in costs of fungicide application. The model by Ghosh et al. (2015) 

was not internally or externally validated to assess its performance using independent data. In 
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this study, both models developed using the 24-h and 48-h bioassay cases had a high level of 

prediction accuracy in estimating the probability that infection has occurred, especially using 

the 24-h cases. The good to very good performance of our models is also supported by the 

high accuracy when the models were externally validated using an independent data set 

collected in South Carolina. Indeed, both the sensitivity and specificity rates of the models 

were very high under an optimized probability for cost reduction. The high accuracy of the 

models developed in this study suggests that the models are expected to be widely accepted 

by growers as a decision tool in the management of cucurbit downy mildew.  

The likelihood of adoption of models developed in this study to guide fungicide 

application is dependent on the cost advantage the models offer over calendar-based 

approaches (Gent et al. 2013). In addition, highly accurate predictive models are needed to 

substantially reduce disease-related costs compared to prophylactic application (Fabre et al., 

2007). Cucumber is a low value crop and thus, growers are interested in making decisions 

that minimize management costs. Based on the economic assumptions used in this study, 

optimal economic decision thresholds were dependent on disease prevalence with economic 

decision thresholds being most effective when disease prevalence was low. These findings 

are consistent with those reported for P. humuli in hop (Gent and Ocamb, 2009) and Barley 

yellow dwarf virus in winter barley (Fabre et al., 2003). At low disease prevalence, the cost 

associated with an unnecessary fungicide application is expected to be much lower than the 

economic cost of crop loss. In the eastern United States, dry and warm conditions during late 

spring and early summer are likely to result in relatively low levels of disease prevalence. 

These models could help growers decide if continued fungicide applications are necessary 



 

56 

during this period. Our models were also useful in making management decisions over a 

wide range of disease prevalence. For example, the models were useful in reducing average 

management costs when disease prevalence (Prev) ranged from very low to < 60% for the 

24-h cases and from very low to < 95% for the 48-h cases. For low values of OTP , sensitivity 

decreased slowly but specificity increased more rapidly with increasing OTP . This suggests 

that any misclassified cases may have been due to variability in infection by P. cubensis as a 

result of spatial heterogeneity in the inoculum in the field (Neufeld et al., 2013). Downy 

mildew occurs annually in the eastern United States (Ojiambo et al., 2015), but the timing of 

sporangia transport from source fields is the most uncertain feature within its prediction 

framework (Ojiambo and Holmes, 2011; Ojiambo and Kang, 2013). Accounting for 

heterogeneity in inoculum availability in the field could allow for further improvement in the 

accuracy of the models developed in the present study.  

Many cucurbits can be infected by P. cubensis and thus, BLR3 and BLR9 will need 

to be validated for other commercially important cucurbits such as cantaloupe, acorn and 

summer squash. In addition, fungicide efficacy studies are recommended to establish the 

utility of these models in guiding fungicide applications during the growing season in 

comparison with prophylactic calendar-based fungicide applications to control cucurbit 

downy mildew. Economic assumptions used in this study to derive optimum decision 

thresholds were based on management costs and yield loss associated with CDM in 

cucumber. While the management costs for fungicide applications used in the present study 

are not expected to be different for other cucurbits, costs associated with yield loss and 

fungicide application may be different and thus, influence optimum decisions thresholds 
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established in this study. Additional studies need to be conducted to determine the cost 

effectiveness of the timings of fungicide applications based on model predictions.  

The prediction models developed in the present study could be used in tandem with 

the CDM ipm forecasting system for the overall management of CDM in the eastern United 

States. The CDM ipm forecasting system is an online system that predicts the initial infection 

and thus, the need for first fungicide spray. Subsequent sprays could then be recommended 

using BLR3 based on the suitability of the prevailing weather conditions in the area of 

interest. Data on relative humidity and temperature for a specific area can be obtained from 

the nearest local weather stations and algorithms can be developed to automatically calculate 

RH80 and dT. Subsequently, the risk of disease development can be determined using BLR3. 

Although the CDM ipm forecasting system has improved management of downy mildew in 

the eastern United States (Ojiambo et al., 2011), the prediction models have the potential to 

further reduce the amount or the cost of fungicides applied to cucurbit crops, since the 

majority of the fungicide applications, and the more costly fungicides, are made after the 

initial infection occurs (Holmes et al., 2015). 
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Table 2.1 

Description and characteristics of potential weather variables tested to determine their 

usefulness in predicting the risk of occurrence of cucurbit downy mildew. 
Variable Designation Description

a
 Units 

Relative humidity RH Mean RH over a 24- or 48-h period % 

Day RH dRH Mean RH when SR ≥0.0025 MJ/m
2
 % 

Night RH nRH Mean RH when SR <0.0025 MJ/m
2
 % 

Degree-hours RH80 dhRH80 ∑(T × LW) when RH >80%   -- 

Degree-hours RH90 dhRH90 ∑(T × LW) when RH >90%   -- 

Relative humidity 

>80% 

RH80 Hours when RH >80% over 24- or 48-h period h 

Relative humidity 

>90% 

RH90 Hours when RH >90% over 24- or 48-h period h 

Day RH80 dRH80 Hours when RH >80% and SR ≥0.0025 MJ/m
2
  h 

Day RH90 dRH90 Hours when RH >90% and SR ≥0.0025 MJ/m
2
  h 

Night RH80 nRH80 Hours when RH >80% and SR <0.0025 MJ/m
2
   h 

Night RH90 nRH90 Hours when RH >90% and SR <0.0025 MJ/m
2
  h 

Temperature T Mean temperature over a 24- or 48-h period °C 

Day temperature dT Mean T when SR is ≥0.0025 MJ/m
2
 °C 

Night temperature nT Mean T when SR is <0.0025 MJ/m
2
 °C 

Leaf wetness  LW Hours of wetness over a 24- or 48-h period h 

Day leaf wetness dLW Hours of wetness when SR is ≥0.0025 MJ/m
2
 h 

Morning leaf wetness mLW Hours when SR is ≥0.0025 MJ/m
2
 before 1100 h h 

Night leaf wetness nLW Hours of wetness when SR is <0.0025 MJ/m
2
 h 

Degree-hours LW dhLW ∑(T × LW) over a 24- or 48-h period -- 

Degree-hours day 

LW 

dhdLW ∑(T × LW) when SR is ≥0.0025 MJ/m
2
 -- 

Degree-hours night 

LW 

dhnLW ∑(T × LW) when SR is <0.0025 MJ/m
2
 -- 

Rain R Total amount in a 24- or 48-h period mm 

Rain leaf wetness RLW Hours of LW associated with a rain event h 

Solar radiation SR Cumulative SR in a 24- or 48-h period MJ/m
2
 

a 
Details on the calculations of dhRH80, dhRH90, dhLW, dhdLW and dhnLW are presented 

in the main text. 
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Table 2.2 

Spearman’s rho (ρ) and Kolmogorov-Smirnov (K-S) tests for weather variables associated 

with the occurrence of cucurbit downy mildew for 24- and 48-h infection bioassays. 
 24-h bioassay  48-h bioassay 

Weather 

variable 

ρ P-value K-S  ρ P-value K-S 

RH   0.376  0.0002 0.0010    0.341 0.0009 0.0034 

dhRH80   0.471  <0.0001 0.0002    0.415   <0.0001 0.0534 

dhRH90   0.425  <0.0001 0.0018    0.376 0.0002 0.0663 

RH80   0.384  0.0002 0.0028    0.341 0.0009 0.0179 

RH90   0.359  0.0004 0.0077    0.324 0.0016 0.0028 

nRH80   0.268 0.0097 0.0500    0.243 0.0198 0.0009 

nRH90   0.260 0.0122 0.0048    0.250 0.0162 0.0046 

T   0.301  0.0035 0.0017    0.263 0.0114 0.0534 

dT   0.284  0.0060 0.0126    0.215 0.0395 0.2502 

nT   0.323  0.0017 0.0007    0.293 0.0045 0.0272 

LW   0.356  0.0005 0.0442    0.392 0.0001 0.0149 

dLW   0.277  0.0075 0.0969    0.372 0.0002 0.0855 

mLW   0.169  0.1070 0.3236    0.371 0.0003 0.0287 

R   0.028  0.7930 0.4513  ‒0.114 0.2778 0.9586 

RLW ‒0.012  0.9050 0.9137  ‒0.176 0.0930 0.2942 

SR ‒0.088  0.4040 0.6329    0.015 0.8896 0.3146 

Kolmogorov-Smirnov is a non-parametric test of whether a variable on days with and 

without infection are from the same distribution. The exact P-values for the K-S test were 

derived from Monte Carlo estimation. 
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Table 2.3 

Candidate binary logistic regression (BLR) models developed to predict the infection of 

cucumber by Pseudoperonospora cubensis and parameter estimates for the final selected 

model for the 24-h bioassay cases. 

a
 Predictor variables are nT = night temperature (°C), dT = day temperature (°C), RH80 = 

hours when RH >80% over 24-h period, and LW = hours of wetness over a 24-h period. The 

response variable was disease infection (Y) where Y = 1 for days where disease occurred, and 

Y = 0 for days where infection did not occur. 
b
 Degrees of freedom 

c
 Likelihood ratio 

2
 test against an intercept-only model and corresponding P-value. 

d
 Bayesian Information Criterion. 

e
 Parameter estimates are based on BLR3, which was selected to predict infection. S.E. 

denotes the standard error of the parameter estimate. 

 

  

Model Equation 
a
 DF 

b
 LR

2 c
 BIC 

d
 P-value 

BLR1   ‒3.6 + 0.21nT 1 10.8 119.4 0.0010 

BLR2   ‒1.7 + 0.18RH80 1 13.7 116.5 0.0002 

BLR3 ‒11.5 + 0.29RH80 + 0.34dT 2 35.2   99.5 0.0001 

BLR4   ‒7.1 + 0.20RH80 + 0.25nT 2 27.4 107.3 0.0001 

BLR5 ‒11.6 + 0.25RH80 + 0.35dT + 0.07LW 3 36.4 102.8 0.0001 

BLR6   ‒7.3 + 0.15RH80 + 0.27nT + 0.09LW 3 29.5 109.7 0.0001 

      

Parameter
e
 Estimate

e
 DF S.E.

e
 Wald 

2
 P-value 

Intercept −11.5 1 2.62 19.4 0.0001 

RH80     0.29 1 0.07 18.1 0.0001 

dT     0.34 1 0.08 16.7 0.0001 
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Table 2.4 

Candidate binary logistic regression (BLR) models developed to predict the infection of 

cucumber by Pseudoperonospora cubensis and parameter estimates for the final selected 

model for the 48-h bioassay cases. 

a
 Predictor variables are nT = night temperature (°C), dT = day temperature (°C), RH80 = 

hours when RH >80% over 48-h period, and LW = hours of wetness over a 48-h period. The 

response variable was disease infection (Y) where Y = 1 for days where disease occurred, and 

Y = 0 for days where infection did not occur. 
b
 Degrees of freedom 

c
 Likelihood ratio 

2
 test against an intercept-only model and corresponding P-value. 

d
 Bayesian Information Criterion. 

e
 Parameter estimates are based on BLR9, which was selected to predict infection. S.E. 

denotes the standard error of the parameter estimate. 

 

  

Model Equation
a
 DF

b
 LR

2 c
 BIC

d
 P-value 

BLR7 ‒2.3 + 0.19nT 1   6.2 90.8 0.0126 

BLR8 ‒3.1 + 0.20dT 1   7.4 89.7 0.0064 

BLR9 ‒9.7 + 0.13RH80 + 0.34dT  2 20.9 80.7 0.0001 

BLR10 ‒5.9 + 0.26dT + 0.11LW 2 16.1 85.5 0.0003 

BLR11 ‒9.5 + 0.34dT + 0.011RH80 + 0.07LW 3 21.2 84.9 0.0001 

BLR12 ‒4.5 + 0.22nT + 0.05RH80 + 0.05LW 3 13.5 92.6 0.0036 

      

Parameter
e
 Estimate

e
 DF S.E.

e
 Wald 

2
 P-value 

Intercept   −9.7 1 2.84 11.6 0.0007 

RH80     0.13 1 0.04 10.8 0.0010 

dT     0.34 1 0.10 12.2 0.0005 
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Table 2.5 

Performance characteristics of the final binary logistic regression models developed to 

predict the probability of infection of cucumber by Pseudoperonospora cubensis. 

 Model 

Test statistic BLR3 (24-h cases) BLR9 (48-h cases) 

AUC
a
 0.86 0.82 

Correct classification
b
 0.80 0.73 

Sensitivity
c
 0.86 0.72 

Specificity
d
 0.71 0.76 

TSS
e
 0.57 0.48 

a
 Area under receiver operating curve is a ranking-based measure of classification 

performance and provides a threshold-independent measure of the prediction accuracy of a 

model and values closer to 1 indicate high accuracy. 
b 

Correct classification is the proportion of correctly classified cases within the dataset. 
c 

Sensitivity is the proportion of correctly classified cases in class = 1 (i.e., when infection  

occurred  
d
 Specificity is the proportion of correctly classified cases in class = 0 (i.e., when infection 

did not occur). 
e
 True Skill Statistic (TSS) is a synthetic index that takes into account sensitivity and 

specificity, and ranges from −1 to +1,  where values of zero or less indicate a performance no 

better than random and +1 indicates perfect agreement.  
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Table 2.6 

Estimates of the shape parameters used to describe the sensitivity and specificity of logistic 

regression models in classifying the favorability of a 24-h or 48-h period in the infection of 

cucumber by Pseudoperonospora cubensis. 

 
a
 Parameters rp and kp describe the parametric form of the specificity curve, while re and ke 

describe the parametric for the sensitivity curve. S.E. is the standard error of the parameter 

estimate.  

 

  

 Shape parameter
a
 

 rp  kp  re  ke 

Model Estimate S.E.  Estimate S.E.  Estimate S.E.  Estimate S.E. 

24-h 1.459 0.044  1.012 0.013  4.999 0.135  0.023 0.003 

48-h 1.936 0.076  0.792 0.009  7.094 0.302  0.002 0.001 
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Table 2.7 

External validation
a
 of binary logistic regression models for predicting the daily risk of 

infection of cucumber by Pseudoperonospora cubensis under the default threshold 

probability and the optimal threshold probability for cost reduction. 

 Model
b
 

 BLR3 (24-h cases)  BLR9 (48-h cases) 

Test statistic 
TP = 0.5 

TP = 0.2  
TP = 0.5 

TP = 0.2 

AUC
c
 0.91 0.91  1.00 1.00 

Correct classification
d
 0.71 0.88  0.86 0.98 

Sensitivity
e
 0.69 0.91  0.84 0.97 

Specificity
f
 0.86 0.71  1.00 1.00 

TSS
g
 0.55 0.62  0.84 0.97 

a
 External dataset cases collected in Charleston, SC over 2012-2015 

b
For both models, 

TP  = 0.5 is the default threshold probability, while 
TP  = 0.20 is the 

optimized threshold probability. 
c
 Area under receiver operating curve is a ranking-based measure of classification 

performance and provides a threshold-independent measure of the prediction accuracy of a 

model and values closer to 1 indicate high accuracy. 
d
 Correct classification is the proportion of correctly classified cases within the dataset. 

e 
Sensitivity is the proportion of correctly classified cases in class = 1 (i.e., when infection  

occurred  
f
 Specificity is the proportion of correctly classified cases in class = 0 (i.e., when infection 

did not occur). 
g
 True Skill Statistic (TSS) is a synthetic index that takes into account sensitivity and 

specificity, and ranges from −1 to +1,  where values of zero or less indicate a performance no 

better than random and +1 indicates perfect agreement.  
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Figure 2.1 Box-whisker plots showing the distribution of day temperature (A), night 

temperature (B), hours of relative humidity >80% (C), and leaf wetness (D) selected for the 

24-h bioassay model to classify cases with no infection (= 0) or cases with infection (= 1) of 

cucumber by Pseudoperonospora cubensis. The boxes represent the interquartile range, the 

whiskers indicate the 5- and 95-percentiles, lines within the boxes median values and solid 

circles are outliers. 
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Figure 2.2 Box-whisker plots showing the distribution of day temperature (A), night 

temperature (B), hours of relative humidity >80% (C), and leaf wetness (D) selected for the 

48-h bioassay model to classify cases with no infection (= 0) or cases with infection (= 1) of 

cucumber by Pseudoperonospora cubensis. The boxes represent the interquartile range, the 

whiskers indicate the 5- and 95-percentiles, lines within the boxes median values and solid 

circles are outliers. 
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Figure 2.3 Receiver operating characteristic curves for the 24-h and 48-h models developed 

to predict the daily infection risk of cucumber by Pseudoperonospora cubensis. The dashed 

line is a reference line that represents no discrimination for a model that predicts infection no 

better than chance.  
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Figure 2.4 Observed (circles) and modeled (lines) sensitivity and specificity values from 

nonlinear regression models 24-h (A) and 48-h (B) periods favorable for infection of 

cucumber by Pseudoperonospora cubensis as a function of the optimum decision threshold,

OTP . Here,
OTP is a threshold value such that if P < 

OTP , then a fungicide treatment is not 

recommended, while if P > 
OTP , then a fungicide treatment is recommended. Here, P is the 

probability that a fungicide treatment will provide a positive net return. 
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Figure 2.5 Optimum decision threshold,
OTP , as a function of disease prevalence for 24-h and 

48-h based on an economic assumption of 40% end of season crop loss and a single fungicide 

treatment against Pseudoperonospora cubensis. 
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CHAPTER 3 

Validation of a Daily Infection Risk Model for Downy Mildew on Cucurbit Host Types 
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Abstract  

Models predicting the daily risk of infection by Pseudoperonospora cubensis were validated 

to determine their accuracy and utility in guiding fungicide application decisions for 

controlling cucurbit downy mildew in squash and cantaloupe.  The models tested originally 

were developed on cucumber and based on day temperature (dT) and hours of relative 

humidity >80% (RH80). Field experiments were conducted from 2012 to 2014 in Clayton, 

North Carolina and Charleston, South Carolina, where squash and cantaloupe plants were 

exposed to prevailing weather conditions over a 24- and 48-h period under naturally 

occurring inoculum. Disease severity was assessed 7 days after exposure, and weather 

variables during exposure were recorded. Predictor variables dT and RH80 were calculated 

from weather data collected during each exposure period and disease predictions were 

compared to observed data. Threshold probability on the receiver operating characteristic 

curve that minimized the overall error rate for the 24-h model was 0.85 for both squash and 

cantaloupe. The 24-h model was consistently more accurate than the 48-h model in 

predicting the infection risk for the two host types. Accuracy of the 24-h model as estimated 

using area under ROC ranged from 0.75 to 0.81, with a correct classification rate ranging 

from 0.69 to 0.74, across the two host types. Specificity rates for the model ranged from 0.81 

to 0.84, while the sensitivity rates ranged from 0.58 to 0.67. Optimal decisions thresholds 

OT( )P  developed based on estimates of economic damage and costs of management showed 

that 
OTP  was dependent on disease prevalence, with the benefit of using the 24-h model for 

making disease management decisions being greatest at low levels of disease prevalence. The 

24-h model previously developed with cucumber as the host type, provided an accurate 
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estimate of the daily infection risk for squash and cantaloupe and could serve as a useful 

decision support tool to guide fungicide applications to manage downy mildew in cucurbits 

during the growing season. 

 

Introduction 

 Cucurbit downy mildew (CDM), caused by the obligate oomycete Pseudoperonospora 

cubensis, is among the most economically destructive diseases of cucurbits (Lebeda and 

Cohen 2011). The pathogen is able to infect a wide range of economically important cucurbit 

host types, including cucumber (Cucumis sativus), squash (Cucurbita pepo), pumpkin 

(Cucurbita maxima), melons such as cantaloupe and muskmelon (Cucumis melo), and 

watermelon (Citrullus lanatus) (Lebeda and Widrlechner 2003). The disease occurs globally 

where cucurbits are grown, in temperate and tropical climatic regions and in the Middle East 

to Asia. The pathogen reproduces mainly by asexual production of sporangia and requires its 

host to reproduce and survive. Thus, P. cubensis cannot overwinter in in the field in areas 

where its host is not available year round. In continental United States, P. cubensis can only 

overwinter south of 30 degrees latitude where temperatures during winter months are mild, 

allowing survival of its cucurbit hosts (Thomas 1996). As such, disease epidemics in 

northern states rely on the aerial dispersal of sporangia from overwintering sources in the 

south by strong southerly winds that can transport sporangia over long distances (Ojiambo 

and Holmes 2011).   

 Weather variables, especially temperature, leaf wetness, and relative humidity, are 

vital for infection of cucurbit host types by P. cubensis. Previous studies have shown that 
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moisture is required for infection to occur and in absence of adequate moisture, all other 

weather variables have limited effect on disease development (Palti and Cohen 1980). Once 

infection occurs, temperature is the dominant factor that determined the rate and extent of 

infection (Arauz et al. 2010; Neufeld and Ojiambo 2012). Optimal temperature range for 

infection is between 15 to 22°C with at least 2 h of leaf wetness required for infection to 

occur (Neufeld and Ojiambo 2012; Cohen 1977; Cohen and Rotem 1969). The interactive 

effects of temperature and leaf wetness duration have been used to develop risk charts for 

disease outbreaks based on host specific parameters and thus to enhance forecasting of CDM 

in the eastern United States (Ojiambo et al. 2011). Following the initial spray based the CDM 

ipmPIPE system, growers typically continue to spray their crops on a prophylactic-calendar 

based approach, regardless the subsequent risk of disease development. This approach can be 

inefficient, if risk of disease is low, increases production costs and has a negative impact on 

the environment (Pimental et al. 1992). One approach to increase efficiency of fungicide use 

is to develop a decision guide for making sprays during the season (Madden et al. 2017). 

 Recently, binary logistic regression models were developed to predict the daily risk of 

cucumber infection by P. cubensis (Neufeld et al. 2017). These models are based on day 

temperature (dT) and hours of relative humidity greater than 80% (RH80) and had a high 

predictive ability and good performance on an independent experimental data set. For 

example, the 24-h and 48-h models had correct classification rates ≥ 0.88, and sensitivity and 

specificity rates ≥ 0.91 and ≥ 0.71, respectively. The accuracy of the models was ≥ 0.62. 

Optimal decision thresholds can be used to reduce costs associated with a single fungicide 

application or 40% end of season crop loss. Optimal decisions thresholds for CDM were 
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dependent on disease prevalence. Management decisions informed by the models reduced 

average costs when disease prevalence was ≤0.50 and ≤0.90 for the 24- and 48-h models, 

respectively. These models provided accurate estimates of the daily infection risk of 

cucumber by P. cubensis and could serve as a useful decision support tool to guide fungicide 

applications to manage CDM during the growing season, but they have not been validated for 

other cucurbit host types. 

 Field observations and experimental studies have shown that cucurbits respond 

differentially to infection by P. cubensis (Lebeda and Widrlechner 2003; Neufeld and 

Ojiambo 2012). In general, cucumber is more susceptible to infection than other cucurbit 

hosts. Weather variables that influence infection, such as leaf wetness and temperature, also 

slightly vary between host types. For example, fewer hours of leaf wetness are required to 

result in the same level of disease severity on cucumber as compared with squash (Arauz et 

al. 2010; Neufeld and Ojiambo 2012). Thus, it is expected that advisory guidelines based on 

studies conducted on a single cucurbit host (e.g., cucumber) may be less accurate when 

applied directly to other hosts. As such, the models developed to predict the daily infection 

risk of cucumber by P. cubensis need to be validated for other cucurbit host types to 

established their usefulness in the management of CDM. Although weather variables that 

influence infection and disease development may differ among cucurbit hosts, and thereby 

necessitate use of different models in predicting the risk of infection, growers are likely to 

adopt such systems if a single model can be used for across all cucurbit hosts. Typically, 

growers are less concerned about the risk of disease to a certain crop but instead are 

concerned about the risk of disease developing in the field regardless of host type (Fabre et 
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al. 2007). Thus, predicting the risk of infection by P. cubensis across different cucurbits 

would be desired by cucurbit growers. In addition, since growers tend to be risk averse, it’s 

unlikely that crop-specific disease hazard warnings would be acted upon (Ojiambo et al. 

2015). Although CDM also occurs on cantaloupe, squash, watermelon and pumpkin, the 

disease is primarily of economic importance on cantaloupe and squash (Holmes et al. 2015). 

Cantaloupe, squash and cucumber also have different costs associated with crop loss and the 

optimal decision thresholds developed for cucumber (Neufeld et al. 2017) may not directly 

applicable to cantaloupe or squash. Thus, this study was carried out with the following 

objectives: (i) validate and determine the performance of the cucumber daily infection risk 

models on cantaloupe and squash and (ii) derive optimal management action thresholds to 

identify action thresholds for models that reduce average costs of disease control and crop 

loss in cantaloupe and squash.  

 

Materials and Methods 

Plant material and growth conditions. Squash and cantaloupe plants of downy 

mildew- susceptible varieties ‘Sunray’ and ‘Kermit’, respectively, were used in bioassay 

experiments. Seeds of these cultivars were directly sown in 8-cm Styrofoam cups containing 

vermiculite. All plants (one plant/cup) were maintained in a greenhouse devoid of downy 

mildew with natural light and temperature regime of 32 and 26°C (day and night, 

respectively). Plants were watered once daily with deionized water and twice weekly with 

half strength Hoagland solution (Hoagland and Arnon 1950).   
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 Field experiments were conducted at the North Carolina State University Central 

Crops Research Station in Johnston County near Clayton, North Carolina (35°40'04.2"N 

78°30'20.0"W) from 2012 to 2014 to provide a steady source of field inoculum for the 

bioassay experiments described below. Seeds of susceptible squash ‘Lioness’ and cantaloupe 

‘Hales Best’ were directly seeded into raised beds covered with black polythene mulch on 14 

May 2012, 29 April 2013, and 19 May 2014. After plants reached maturity and began to 

senesce, a new set of plants were seeded on 19 July 2012, 5 July 2013, 4 August 2014. Each 

experimental plot consisted of 10 rows, roughly 12 m long and 0.5 m spacing between rows 

for a total plot length of roughly 28 m long. When necessary, plots were reseeded 1 week 

after initial seeding to replace non-germinated seeds. Two weeks after initial seeding, plots 

were thinned to one plant per hole. Plants were monitored regularly for growth. Once squash 

plants reached roughly 30 days old, fruit was harvested twice a week, while cantaloupe fruit 

were harvested once a week when plants reached 60 to 70 days old after initial seeding, to 

maintain plant vigor. Disease in the experimental plots was initiated from natural inoculum 

and disease progress was monitored bi-weekly to document that inoculum was adequate for 

the bioassay experiments. Initial symptoms of CDM were observed on 5 June 2012, 10 June 

2013 and 30 June 2014, and disease allowed to spread throughout the field without any 

fungicide applications. 

Additional field experiments were established and conducted in parallel at the 

Clemson University Coastal Research and Education Center in Charleston, SC, similar to 

those established in North Carolina (described above) but with the following exceptions. 

Two sets of field experiments were conducted every year from 2012 to 2014, except with in 
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2015 in which one field study was conducted. Individual leaves of the plants were rated by 

visually estimating the percentage of leaf area infected. Disease severity measurements 

averaged over each plant and ‘cases’ was used as the estimate of disease severity for each 

exposure period (described below).  

Infection bioassay experiments. An infection bioassay similar to that described by 

Royle (1973) was used previously to associate weather factors (Neufeld et al. 2017) with 

plant infection. Briefly, squash and cantaloupe plants used as bioassay plants were raised in 

the greenhouse and placed in the experimental field plots every week during the growing 

season (June to October). Bioassay plants at the third true leaf stage (approximately 3 weeks 

old) were placed in the field at 1600 h and exposed to prevailing weather and natural 

inoculum for either a 24 h or 48 h periods to account for the possibility of sporangia 

deposition occurring on the first day and infection on the second day. In all experiments, 

bioassay plants were placed within the rows next to several fully developed cucumber plants 

with visible symptoms of downy mildew. A single set of bioassay plants (i.e., case) consisted 

of either 5 or 8 bioassay squash or cantaloupe plants across the entire study. In total, 24, 28 

and 44 cases of squash or cantaloupe plants were monitored for the 24-h and 48-h exposure 

periods in 2012, 2013 and 2014, respectively. Inoculum availability in the field plots was 

monitored using a Burkhard volumetric spore trap (Burkhard Manufacturing Co., 

Ricksmanworth, United Kingdom), which was operated continuously during the exposure 

periods in the plots. 

After exposure, bioassay plants were placed into a growth chamber and incubated 

under a light cycle of 12-h/day and 12-h/night with an approximate relative humidity of 70% 
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and temperature regime of 22 and 18°C (day and night, respectively). Plants were watered 

from the bottom to avoid wetting the leaves and reducing the chance of infection during the 

incubation period. Plants were assessed for incidence and severity of downy mildew 7 days 

after exposure. To assess severity, the number and average size of the lesions was first 

recorded and leaves were then detached and the total leaf area was measured with a portable 

laser lead area meter (CID Bio-Science, Camas, WA). Disease severity (%) was then 

estimated as: (lesion area/total leaf area) × 100. Mean disease severity for all plants in each 

case provided an estimate of disease severity for each 24- and 48-h exposure period.  

Weather data. Weather variables at each field site were monitored and recorded 

every 30 min with a Campbell Scientific CR1000 datalogger (Campbell Scientific, Inc., 

Logan, UT) and a Watchdog model 450 and 3610TWD (Spectrum Technologies, Aurora, 

IL). Variables such as temperature and relative humidity were recorded using both systems to 

verify accuracy, while some variables recorded were specifically recorded using one device, 

i.e. rainfall measured with Watchdog model 450 and 3610TWD.  Solar radiation was 

measured using a pyranometer that was positioned at ground level. Temperature, relative 

humidity, and leaf wetness duration were measured 0.5 m above the ground. Precipitation 

was measured with a tipping rain bucket mounted 1.5 m above the canopy. Weather 

measurements were averaged over each hour and solar radiation dose (MJ/m
-2

) was 

calculated using solar radiation and duration of exposure (Kanetis et al., 2010). Leaf wetness 

measurements were calibrated by observing leaves on several mornings and noting when 

wetness was present and the time of leaf drying. Leaves were considered wet during a 30-min 
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period if either the sensor resistance (Watchdog 3610TWD) was >6, precipitation was 

recorded, or relative humidity was > 95%. 

Infection model performance and ROC analysis. Bioassay cases of squash and 

cantaloupe plants in field experiments conducted in North Carolina and South Carolina were 

combined and analyzed as a single dataset for each host type. Bioassay cases for the 24-h and 

48-h exposure periods classified as class = 1 for cases where infection occurred and as class 

= 0 where infection did not occur. Plants were deemed to have been infected by P. cubensis 

when the recorded disease severity was >1%. Recorded weather variables were analyzed for 

dT and RH80 over the 24-h and 48-h time period for each case. Disease data was 

subsequently fitted to either a 24-h or 48-h binary logistic regression models developed by 

Neufeld et al. (2017) for cucumber. 

 Performance of the model based on data collected on squash and cantaloupe was 

evaluated based on, sensitivity (Se), specificity (Sp), model accuracy, and the area under the 

ROC curve (AUC). Se is the proportion of correctly classified cases in class = 1 (i.e., when 

infection occurred), while Sp is the proportion of correctly classified cases in class = 0 (i.e., 

when infection did not occur). Accuracy of the model was defined as the proportion of 

correctly classified cases. Model accuracy was also evaluated using the true skill statistic 

defined as: TSS = Sensitivity + Specificity ‒ 1. TSS ranges from ‒1 to +1, where values of 

zero or less indicate performance no better than random, while +1 indicates perfect 

agreement (Allouche et al., 2006). TSS was interpreted as follows: < 0.4 = low agreement; 

TSS 0.40 to 0.55 = acceptable; TSS: 0.55 to 0.70 = good; TSS 0.70 to 0.85 = very good; and 

TSS >0.85 = excellent agreement beyond random chance (Monserud and Leemans, 1992). 
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To construct the ROC curve for the 24-h and 48-h models, the Se (or true positive proportion, 

TPP) of the model for each host type was plotted against 1-Sp (or false positive proportion, 

FPP). The area under the ROC curve (AUC) was then used to compare the predictive ability 

of multiple models. Standard errors of each ROC curve were calculated using PROC 

LOGISTIC in SAS, to test the null hypothesis that the AUC was >0.5. Each model was 

optimized for 
TP   that minimized overall error rate by identifying the point on the ROC curve 

that was at the furthest distance from the line of no differentiation (i.e., a non-informative 

predictor). This distance is defined as the Youden’s index (J) (Metz, 1978) and is calculated 

like TSS as:  J = Se + Sp ‒1. 

Derivation of optimal decision thresholds. The Youden index J assigns equal 

weights to Se and Sp and does not account for false (positive and negative) predictions. 

However, Se and Sp are often not of equal economic importance in disease management 

since growers tend to be risk averse (Madden et al. 2007; Turechek and Wilcox 2005). Thus, 

an optimum threshold probability (
OTP ) that minimizes management costs relative to error 

and accounts for the cost of false prediction is necessary to derive optimal decision 

thresholds (Fabre et al. 2007). For each host type, a cost function was used to derive 
OTP , as 

described in detail elsewhere (Fabre et al. 2007; Gent and Turechek, 2015; Neufeld et al. 

2017). Briefly, if P is the probability that a fungicide application will result in a positive net 

return, 
OTP  is a threshold value such that if P <

OTP , then a fungicide treatment is not 

recommended, while if P >
OTP , then a fungicide treatment is recommended. Following the 

notation in Fabre et al. (2007), let the probability of disease exceeding a given threshold be 
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represented by Prev. If the costs (C) associated with a recommended or required treatment 

are denoted as C
++

 (true positive ), C
+‒ 

(false positive ), C
‒+

 (false negative ) and C
‒ ‒

 (true 

negative ), the expected  costs associated with 
OTP  (i.e., 

OT( )C P ) for a given level of disease 

prevalence can be denoted as:  

                                              OT( ) Pr [ (1 ) ]

(1 Pr )[ (1 ) ]

C P ev Se C Se C

ev Sp C Sp C

 

 

     

    
   (1)  

Costs associated with C
++

, C
+‒

, C
‒+

 and C
‒ ‒ 

were estimated based on how the disease affects 

overall crop yield using information from previous studies. Based upon previous reports, 

missing up to four sprays in a season can result in yield losses of about 30% in squash (Fan et 

al., 2014; Keinath et al., 2014) and 58% in cantaloupe (Rideout et al. 2007; Everts and 

Newark 2013) . The costs for C
++

 and C
+‒ 

for cantaloupe were estimated to be $170 per ha 

based on a fungicide application of Omega (fluazinam; Syngenta Crop Protection Inc., 

Greensboro, NC) that costs $160 per ha and an application cost of $10 per hectare (Ferreira, 

2016). The costs for C
++

 and C
+‒ 

for squash were estimated to be $110 per ha based on a 

fungicide application of Zampro (ametoctradin and dimethomorph; BASF Corporation, 

Ludwigshafen, Germany) and an application cost of $10/ha. The cost for C
‒ ‒

 was assumed to 

be zero for both host types. The cost of yield loss for cantaloupes was based on an average 

yield of 55,871 lbs/ha and a price of at $19.5/cwt, for a per hectare value of $10,895 (NASS 

2012). The cost of yield loss associated with squash was estimated to be $9,591/ha, based on 

an average yield of 33,073lbs/ha at a national average of $29/cwt, for a per hectare value of 

$9,591 (NASS 2012).Optimal decision thresholds were then derived as described by Fabre et 

al. (2007) by minimizing 
OT( )C P  over a range of Prev values.  
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Results 

Infection bioassay. The proportion of bioassay cases that were infected in the 24-h or 

48-h exposure period varied among squash and cantaloupe during the study period (Table 

3.1). Squash plants were infected in 60 of 124 cases (48%) across the entire study for the 24-

hr cases with disease severity ranging from 1 to 97% and a mean of 7.7%. Cantaloupe plants 

were infected in 77 of 134 cases (57%) for the 24-h period and had a disease severity range 

of 1 to 86% with a mean of 9.4% (Table 3.1). As expected, the number of cases infected and 

the corresponding levels of disease severity were higher for the 48-h cases than for the 24-h 

cases for both host types (Table 3.1). For example, the proportion of infected cases increased 

to 65% for squash and 78% for cantaloupe, for the 48-h exposure period. The corresponding 

mean disease severity was 17.8% and 19.0% for squash and cantaloupe, respectively (Table 

3.1).  

  ROC curve analysis and model performance. The sum of sensitivity and specificity 

was maximized by a probability cutoff point of 0.85 for the 24-h model for both squash and 

cantaloupe (Fig. 3.1A). For squash, the model had a correct classification rate of 0.74 and 

accuracy as assessed by AUC of 0.81 (Table 3.2). The sensitivity rate was 0.67 and 

specificity rate was 0.81, while accuracy based on TSS (= 0.48) showed an acceptable model 

performance (Table 3.2). For cantaloupe, the 24-h model had a correct classification rate of 

0.69 and accuracy as assessed by AUC of 0.75 (Table 3.2). The sensitivity and specificity 

rates of the model were 0.58 and 0.84, respectively. Accuracy based on TSS (= 0.42) showed 

acceptable model performance (Table 3.2). 
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For the 48-h model, the summation of sensitivity and specificity was maximized at a 

probability cutoff of 0.94 for squash and 0.69 for cantaloupe (Fig. 3.1B). For host both types, 

AUC, correct classification, sensitivity and specificity rates for the 48-h model were slightly 

lower than those for the 24-h model, except for the correct classification and sensitivity rates 

for cantaloupe (Table 3.2). For example, model accuracy was low for the 48-h model with 

AUC values of 0.79 for squash and 0.68 for cantaloupe (Table 3.2). The TSS value of the 48-

h model for squash (TSS = 0.38) and cantaloupe (TSS = 0.28) was 0.48 indicating a low 

model performance (Table 3.2). 

Optimal decision thresholds. For both host types, non-linear regression of 
OTP on Sp 

(Equation 2) or Se (Equation 3) provided a reasonable fit to the observed specificity and 

sensitivity values, respectively, for the 24-h and 48-h model (Fig. 3.2). Estimates of the 

parameters describing the shape of the sensitivity and specificity curves were all significantly 

(P < 0.05) different from zero and well estimated. Estimates for the specificity curves for the 

24-h and 48-h models were generally more similar than the estimates for the sensitivity 

curves for the two models (Table 3.3). For squash and cantaloupe, 
OTP decreased with 

increasing Prev, with the decrease being much faster for the 24-h model than for the 48-h 

model (Figure 3.3). In addition, the decrease in 
OTP  with increasing Prev was much faster for 

cantaloupe than for squash. Model predictions reduced average costs compared to routine 

fungicide application in squash and cantaloupe, with actual reductions being dependent on 

disease prevalence (Prev). For a 30% end of season yield loss in squash, predictions based on 

the 24-h and 48-h models reduced average fungicide costs compared to routine application 

for Prev < 0.80 and < 1.0, respectively (Fig. 3.3A). Assuming a 58% yield loss in cantaloupe, 
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the 24-h and 48-h models predictions reduced average fungicide costs compared to routine 

application for Prev < 0.60 and < 0.80, respectively (Fig. 3.3B).   

 

Discussion 

This study was conducted to validate the performance of recently developed models 

in predicting the daily infection risk of other cucurbits by P. cubensis. These models were 

previously developed using cucumber as the host type in which day temperature (dT) and 

hours of relative humidity >80% (RH80) were the predictor variables for the risk of 

infection. Based on combined data collected from bioassay experiments in North Carolina 

and South Carolina, results from the present study show that dT and RH80 are also important 

predictors for the risk of infection of squash and cantaloupe by P. cubensis. The 24-h model 

had a comparatively high accuracy, with all test statistics indicating a good performance in 

predicting risk of infection in squash and cantaloupe. Further, optimal decision thresholds 

that could reduce average management costs were established based on specific economic 

assumptions associated with crop loss due to missing four fungicide sprays. The results 

showed that the models had the greatest value in guiding management decisions when 

disease prevalence was relatively low in both squash and cantaloupe. These models are thus, 

expected to better guide management decisions on fungicide sprays to control CDM during 

the growing season. 

Temperature and moisture affects germination and infection by sporangia of P. 

cubensis (Cohen and Rotem, 1969). Hours of relative humidity (RH) above a certain 

threshold (e.g., RH80), are useful indicators of moisture (Rowlandson et al. 2015; Sentelhas 
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et al. 2008). Measurements of temperature and moisture (or duration of RH) have also been 

found to be useful predictors of the risk of infection in hop by P. humili (Gent and Ocamb 

2009; Royle 1973). In general, cucumber is more susceptible to CDM than squash or 

cantaloupe (Arauz et al. 2010; Neufeld and Ojiambo 2012). In addition, while the optimum 

range of temperature required for infection is similar across host types, infection of host 

types by P. cubensis is largely dependent on the interactive effects of temperature and 

duration of leaf wetness (Neufeld and Ojiambo 2012). For example, at 20°C, 15% infected 

leaf area was expected following 2, 4, and 8 h of wetness for cucumber, squash, and 

cantaloupe, respectively (Neufeld and Ojiambo 2012). When temperature increases to 25°C, 

a disease severity of 15% is expected following 3, 7, and 15 h of wetness for cucumber, 

squash, and cantaloupe, respectively. The effect of cucurbit host type on infection is 

characterized primarily by differences in the upper limit of infection response to temperature 

rather whether infection occurs or not (Neufeld and Ojiambo 2012). Thus, models developed 

to predict the daily infection risk for cucumber are expected to perform reasonably well when 

used to predict the infection risk of squash or cantaloupe by P. cubensis. In this study, the 

accuracy of the 24-h model was 0.81 for squash and 0.75 for cantaloupe compared to 0.86 for 

cucumber (Neufeld et al. 2017). Model accuracy based on the 48-h bioassay cases was 0.79 

and 0.68 for squash and cantaloupe, respectively, compared to 0.82 for cucumber. Model 

accuracy based on TSS indicated that the 24-h bioassay had an acceptable performance for 

squash compared to good performance for cucumber. However, growers tend to be risk 

averse and crop-specific disease hazard warnings are unlikely to be acted upon (Madden et 

al. 2007; Ojiambo et al. 2015). Thus, while small differences exist in the performance of 
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these models on different cucurbits, the models previously developed on the more susceptible 

cucumber (Neufeld et al. 2017) should be able to provide accurate risk of the daily infection 

risk across important cucurbit host types.  

Several decision support systems have been developed to guide fungicide applications 

to control disease in different crops (Gent et al. 2013). The probability that growers will 

adopt a system is likely to be high if these decision tools offer a cost advantage over 

calendar-based approaches while minimizing risk of yield loss. Although cantaloupe has a 

high value compared to squash and cucumber (NASS, 2012), cucurbits are a low value crop 

compared to other vegetable crops. Thus, cucurbit growers are interested in making decisions 

that minimize the average management costs. In this study, optimal economic decision 

thresholds were dependent on disease prevalence with economic decision thresholds being 

most effective when disease prevalence was low. This observation was consistent to that 

reported for cucumber (Neufeld et al. 2017) and other crops (Gent and Ocamb 2009; Fabre et 

al. 2003). The cost associated with an unnecessary fungicide application is expected to be 

much lower than the economic cost of crop loss at low disease prevalence in either squash, 

cantaloupe or cucumber. In the eastern United States, dry and warm conditions during late 

spring and early summer are likely to result in relatively low levels of disease prevalence. 

During these periods, the models could help guide growers decide if fungicide applications 

are necessary. Similarly with cucumber, these models were also useful in making 

management decisions over a wide range of disease prevalence in squash and cantaloupe. For 

example, the 24-h model was useful in reducing average management costs when disease 

prevalence ranged from very low to < 60% in cantaloupe and < 80% squash.  The 
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corresponding upper limit of disease prevalence for reducing management costs in cucumber 

was 60%. However, the benefit of the models in guiding management decisions was greatest 

when disease prevalence was relatively low. This is partly consistent with results from a 

previous study on the meta-analysis of fungicide efficacy in cucurbits where fungicides were 

least effective in controlling CDM when disease prevalence was high (Ojiambo et al. 2010). 

As was the case with cucumber, for low values of OTP , sensitivity decreased slowly but 

specificity increased more rapidly with increasing OTP . Variability in infection due to spatial 

heterogeneity of inoculum within the field is one consideration for misclassified cases 

(Neufeld and Ojiambo, 2013). Downy mildew occurs on an annual basis in the eastern 

United States (Ojiambo et al., 2015) but the timing of sporangia from infected fields is still 

the most variable feature within the prediction of CDM forecasting (Ojiambo and Holmes 

2011; Ojiambo and Kang 2013). Incorporating the heterogeneity of sporangia from these 

infected source fields would improve the accuracy of these models in predicting the daily risk 

of infection. Thus, accounting for heterogeneity in sporangia availability in local or 

neighboring fields could further improve the accuracy of these models in predicting the daily 

infection of cucurbits by P. cubensis.    

The 24-h model consistently had high levels of accuracy and performance compared 

to the 48-h model for squash, cantaloupe and cucumber. Thus, the 24-h model should be 

preferred over the 48-h model to guide decisions on fungicide applications to control CDM 

during the growing season. In other studies, the infection risk of hop was equally predicted 

by the 24-h and 48-h model, with both models having a correct classification rate of 0.86 

(Gent and Ocamb, 2009). However, in the study by Gent and Ocamb (2009), the increase in 
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the number infected cases between the 24-h and the 48-h exposure period was negligible. In 

the present study, the number of infected cases between the two exposure periods increased 

by about 35% across the two host types. Thus, this rapid increase in the number of new 

infected cases in a relatively short period of time may have reduced the predictive accuracy 

of the 48-h model. The optimal decisions thresholds developed using predictions from this 

model are based on economic assumptions used in this study. Production situations in 

specific fields including physical, biological, and socioeconomic factors that determine 

agricultural production, can greatly affect the effectiveness of model prediction in guiding 

decisions associated management of the disease. Thus, differences in management costs for 

fungicides and costs associated with yield loss and fungicide application may influence 

optimum decisions thresholds established in this study. In addition, studies need to be 

conducted to determine the utility of these models in guiding fungicide applications during 

the growing season in comparison with prophylactic calendar-based fungicide applications 

and determine the cost effectiveness of the timings of fungicide applications based on model 

predictions to control cucurbit downy mildew during the growing season.  

 In summary, the 24-h prediction model validated in the present study could be used in 

tandem with the CDM ipm forecasting system for the overall management of CDM in the 

eastern United States. The web-based CDM ipm forecasting system predicts initial infection 

based on availability of inoculum and infection conditions and thus, recommendations for the 

first fungicide spray. Based upon prevailing weather conditions within the area of interest, 

the application of subsequent sprays could then be determined using the 24-h model. 

Typically, most of the fungicide applications, and the more costly fungicides, are made after 
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initial infection occurs (Holmes et al., 2015). Thus, models for predicting the daily infection 

risk of cucurbits by P. cubensis have the potential to reduce the cost of fungicides applied to 

cucurbit crops. 
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Table 3.1 Summary of cases monitored and disease attributes of infected cases in bioassay 

experiments conducted to determine the daily infection risk of cucurbit host types by 

Pseudoperonospora cubensis  

 Cucurbit host type 

 Squash  Cantaloupe 

Variable 24-h period 48-h period  24-h period 48-h period 

Total cases 124 124  134 134 

Infected cases   60   81    77 105 

Max. disease severity (%)   97   99    86   95 

Mean disease severity (%)  7.7 17.9   9.4 19.0 
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Table 3.2 Performance characteristics of the final binary logistic regression models 

developed to predict the probability of infection of squash and cantaloupe by 

Pseudoperonospora cubensis 

 Host 

 Squash  Cantaloupe 

Test Statistic 24-h model  48-h model  24-h model  48-h model 

AUC
a 

0.81  0.79  0.75  0.68 

Correct Classification
b 

0.74  0.67  0.69  0.73 

Sensitivity
c 

0.67  0.62  0.58  0.80 

Specificity
d 

0.81  0.76  0.84  0.48 

TSS
e 

0.48  0.38  0.42  0.28 
a
 Area under receiver operating curve is a ranking-based measure of classification 

performance and provides a threshold-independent measure of the prediction accuracy of a 

model. Values closer to 1 indicate high accuracy. 
b 

Correct classification is the proportion of correctly classified cases within the dataset. 
c 

Sensitivity is the proportion of correctly classified cases in class = 1 (i.e., when infection  

occurred  
d
 Specificity is the proportion of correctly classified cases in class = 0 (i.e., when infection 

did not occur). 
e
 True Skill Statistic (TSS) is a synthetic index that takes into account sensitivity and 

specificity, and ranges from −1 to +1,  where values of zero or less indicate a performance 

no better than random and +1 indicates perfect agreement.  
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Table 3.3 Estimates of the shape parameters used to describe the sensitivity and specificity of logistic regression models in 

classifying the favorability of a 24-h or 48-h period in the infection of squash and cantaloupe by Pseudoperonospora 

cubensis 

  Shape parameter 
a 

  rp  kp  re  ke 

Host Model
 

Estimate S.E.  Estimate S.E.  Estimate S.E.  Estimate S.E. 

Squash 24-h 1.300 0.030  1.003 0.010  5.165 0.199  0.016 0.003 

 48-h 1.204 0.042  0.908 0.011  7.383 0.294  0.001 0.0004 

             

Cantaloupe 24-h 1.278 0.032  1.010 0.011  3.475 0.125  0.081 0.009 

 48-h 1.095 0.044  0.927 0.014  4.771 0.145  0.019 0.002 
a
 Parameters rp and kp describe the parametric form of the specificity curve, while re and ke describe the parametric for the 

sensitivity curve. S.E. is the standard error of the parameter estimate.  
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Figure 3.1. Receiver operating characteristic curves for the 24-h (A) and 48-h (B) models 

developed to predict the daily infection risk of cantaloupe and squash by Pseudoperonospora 

cubensis. The dashed line is a reference line that represents no discrimination for a model 

that predicts infection no better than chance. 
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Figure 3.2 Observed (circles) and modeled (lines) sensitivity and specificity values from 

nonlinear regression models for the 24-h and 48-h bioassays as a function of the optimum 

decision threshold,
OTP  for cantaloupe (A and B, respectively) and squash (C and D, 

respectively). Here,
OTP is a threshold value such that if P < 

OTP , then a fungicide treatment is 

not recommended, while if P > 
OTP , then a fungicide treatment is recommended. Here, P is 

the probability that a fungicide treatment will provide a positive net return based on fixed, 

specific estimates of fungicide cost, yield loss, and value of crop per ha. 
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Figure 3.3 Optimum decision threshold,
OTP , as a function of disease prevalence on 

cantaloupe (A) and squash (B) for 24-h and 48-h based on an economic assumption of 40% 

end of season crop loss and four  fungicide treatments against Pseudoperonospora cubensis. 
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CHAPTER 4 

Predicting the risk of cucurbit downy mildew in eastern United States using an 

integrated aerobiological model 
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Abstract 

Cucurbit downy mildew caused by the obligate oomycete pathogen, Pseudoperonospora 

cubensis is considered one of the most economically important diseases of cucurbits 

worldwide. In the continental United States, the pathogen overwinters in southern Florida 

and along the edges of the Gulf of Mexico and the disease occurs annually in northern states 

via long-distance aerial transport of sporangia from infected source fields. An integrated 

aerobiological modeling system was developed to predict the risk of disease occurrence and 

to facilitate timely use of fungicides for disease management. The forecasting system which 

combines information on known inoculum sources, long-distance atmospheric spore 

transport and spore deposition modules was tested to determine its accuracy in predicting risk 

of disease outbreak. Rainwater samples at disease monitoring sites  in Alabama, Georgia, 

Louisiana, North Carolina, New York, Ohio, Pennsylvania and South Carolina, were 

collected weekly from planting to the first appearance of symptoms at the field sites during 

growing season from 2013 to 2015. Rain samples were analyzed for presence of sporangia of 

P. cubensis using real-time polymerase chain reaction assay with primers specific to the 

pathogen. Disease forecasts were monitored and recorded for each site after each rain event 

until appearance of first disease symptoms. The pathogen was detected in 38 of the 187 

rainwater samples collected during the study period. The forecasting system correctly 

predicted the risk of disease outbreak based on the presence of sporangia and appearance of 

first disease symptoms with an overall accuracy rate of 66% and 75%, respectively. In 

addition, the probability that the forecasting system correctly classified the presence or 

absence of disease was ≥73%. The true skill statistic calculated based on the appearance of 
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disease symptom in cucurbit field ranged from 0.42 to 0.58 indicating that the disease 

forecasting system had an acceptable to good performance in predicting the risk of cucurbit 

downy mildew outbreak in the eastern United States.  

 

Introduction 

Knowledge of local or field inoculum levels at the mesoscale is an integral component in the 

decision making process when establishing the need for application of pesticides in 

integrated pest management (IPM) practices. When growers make a decision to forego spray 

applications, they face an unknown operating risk due to the uncertainty of the spread of 

diseases to the field by aerial dispersal of pathogens from source fields. Risk avoidance is 

partly dependent on the ability to determine when inoculum is sufficiently low to forego or 

postpone treatment application. Long-distance aerial dispersal can have important 

implications in developing and deploying IPM strategies for plant disease control. 

Pseudoperonospora cubensis, the causal agent of cucurbit downy mildew (CDM), exhibits 

significant long-distance dispersal at the continental scale (Ojiambo and Holmes 2011; 

Ojiambo and Kang 2013). The pathogen is an obligate biotroph and cannot survive in 

absence of a living host. Cucurbits are sensitive to frost and thus, incursions of P. cubensis 

into northern latitude in continental United States occurs annually below the 30° latitude in 

subtropical areas in southern Florida and along the edges of the Gulf of Mexico where 

cucurbits are grown year-around (Ojiambo et al. 2015). This annual extinction-colonization 

cycle of P. cubensis makes it possible to quantify disease dynamics and risk of CDM 
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outbreaks in northern latitudes on the basis of epidemic conditions and dispersal from 

overwintering habitats.        

 A forecasting system to predict outbreaks of CDM in the eastern United States first 

became operational in 1998 (Main et al., 2001). Following the 2004 resurgence of CDM in 

the United States, the CDM ipmPIPE (cdm.ipmpipe.org) (Ojiambo et al. 2011) was 

developed based on an earlier framework of Main et al. (2001) and the monitoring and 

communication system for the early warning system of soybean rust (Roberts et al. 2006). 

The CDM ipmPIPE forecasting system utilizes concepts of integrated aerobiological 

modeling system (IAMS) to forecast the spread of CDM in the eastern United States using 

atmospheric pathways (Isard et al. 2005). The IAMS provides access to the user community 

through geographic information systems and visualization tools on the Internet. The CDM 

was specifically designed to provide end-users with near real-time flexibility in decision-

making for the in-season management of CDM. Within the CDM ipmPIPE, the IAMS runs 

daily using the observed distribution of confirmed reports of CDM-infected areas from a 

sentinel plot network and verified observations in commercial fields (Fig. 5.1) as input and 

generates a large number of maps, including maps that show predicted areas at risk for the 

outbreaks of CDM. Maps of disease occurrences and local commentary advice for epidemic 

conditions and support for location-specific decisions are posted on the website three times a 

week. Forecasts of the risk of CDM are based upon: i) outbreaks of disease in cucurbit 

sentinel plots and source fields ii) the projected path of spore transport based upon prevailing 

wind conditions and iii) conductive weather conditions for pathogen deposition, infection and 

disease development within the surrounding areas (Ojiambo et al. 2011).  
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 Temperature and moisture are important weather factors that influence outbreaks of 

CDM in the field. The minimum and maximum temperatures required for infection of 

cucurbits by P. cubensis are 5 and 30°C (Arauz et al. 2010). The optimum temperature for 

infection has been estimated to range between 19.5 and 21.7°C. A minimum of 2 h of leaf 

wetness is required for infection (Cohen 1977). Infection is also influenced by interactive 

effects of temperature and leaf wetness duration. For wetness periods of 4 to 8 h, a distinct 

optimum temperature for infection was observed at 20°C, but the optimum temperature 

broadens when wetness periods exceed 8 h (Arauz et al. 2010; Neufeld and Ojiambo 2012). 

Based on these interactive effects, risk charts for disease outbreak were constructed to 

estimate the potential risk of infection of cucurbit host types by P. cubensis based on 

prevailing or forecasted temperature and leaf wetness duration within the CDM ipmPIPE 

forecasting system. The probability that CDM will occur in a given field away from a source 

is assumed to be directly proportional to the aerial concentration of viable spores in a field of 

susceptible hosts. Since the implementation of the CDM ipmPIPE, several studies have been 

conducted to add parameters relevant to of the dissemination of sporangia into the 

forecasting system (Ojiambo et al. 2015). This has primarily involved establishing dynamics 

of aerial concentration of viable spores and spore escape at a source (Neufeld et al. 2013), the 

effects of disease severity at the source on the dynamics of sporangia production and escape 

from the canopy (Neufeld et al. 2013), and survival of sporangia during atmospheric 

transport (Kanetis et al. 2010).   

 Currently, CDM is effectively controlled only through timely application of 

fungicides (Holmes et al. 2015). The CDM ipmPIPE has been very instrumental in helping 
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growers make rational decisions about ‘if’ and ‘when’ to apply the first spray. Surveys 

conducted in Georgia, North Carolina, and Michigan show that the forecasting system 

resulted in an average reduction of 2 to 3 fungicide applications in 2009 compared to 

calendar-based fungicide sprays (Ojiambo et al. 2011). This reduction in the number of 

fungicide sprays translates to more than $6 million in savings to the cucurbit producers in 

these three states (Ojiambo et al. 2011). Although the CDM ipmPIPE forecasting system has 

had a clear impact on the management of cucurbit downy mildew, the system has not yet 

been validated. Validation ensures that the system meets its intended requirements in terms 

of the methods employed and the results obtained. The ultimate goal of model validation is to 

make the forecasting system useful in the sense that it addresses the right problem, provides 

accurate information about the disease system, and represents and correctly reproduces the 

behavior of the disease in the field (McRoberts et al. 2011). Thus, this study was conducted 

primarily to establish the performance of the CDM ipmPIPE in predicting the risk of 

outbreaks of downy mildew on cucurbits in eastern United States. 

 

Materials and methods 

Description of the CDM ipmPIPE system 

The CDM ipmPIPE is an integrated aerobiological modeling system that is configured in a 

modular format and includes modeling for sporangia release and escape from the plant 

canopy, atmospheric sporangia transport and mortality due to exposure to solar radiation, wet 

and dry deposition of spores, and host availability at receptor destinations. These modules are 

combined to predict the progression and intensity of an epidemic in a given region and when 
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the spatial unit becomes a source of sporangia of P. cubensis for further atmospheric spread. 

Moisture on the leaf surface is required for germination and infection to occur (Fig. 5.2). 

Each day during the growing season (March through October), an automated routine 

retrieves initial and boundary conditions from the GFS (Global Forecast System) 

meteorological forecast model output from the National Centers for Environmental 

Prediction (NCEP). The Weather Research and Forecasting (WRF) model is initialized using 

the GFS model and simulated for 72-h. The output (15-km spatial resolution) from the WRF 

model is used as input for the spore dispersion model, FLEXPART-WRF, a Lagrangian 

particle dispersion model (Doran et al. 2008; Stohl et al. 1998) for air trajectory calculations. 

Based on the meteorological forecasts of the physical state of the atmosphere and known 

sources of P. cubensis sporangia within the sentinel plot network, the FLEXPART-WRF 

module estimates transport and deposition to receptor locations. A wetness period of at least 

2-h and temperatures in the range of 15 to 25°C are considered favorable for germination of 

sporangia and infection of cucurbits by P. cubensis (Cohen 1977; Neufeld and Ojiambo 

2012). 

 Based on a combination of daily relationships of atmospheric sporangia transport 

from confirmed sources of CDM to potential receptor locations within the region, and leaf 

canopy condition at receptor locations, an overall prediction score for the next 36 to 48 h is 

defined as follows: i) low (no spore transport and deposition with favorable conditions for 

germination and infection or very limited spore transport or unfavorable conditions), ii) 

moderate (spore transport and deposition with less favorable conditions for germination and 

infection or limited spore transport and deposition with favorable conditions), and iii) high 
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(i.e., spore transport and deposition with favorable conditions for germination and infection. 

Minimal (not shown on the map), low (yellow), moderate (orange) and high risk (red) scores 

correspond to 0 to 5%, >5 to 35%, >35 to 65% and >65%, respectively, chance of disease 

development. Risk scores are presented online and are depicted on a spatially color-coded 

map (Fig. 5.3) for each of the 3-day forecasting period (http://cdm.ipmpipe.org/). 

 

Validation of disease forecasts 

The validation process of the CDM IAMS was conducted in two stages. First, sporangia 

arrival as predicted by the spore transport model was associated to observations of first 

disease symptoms, and second, symptom appearance at the receptor location as predicted 

based on favorable weather conditions was associated to actual observations of disease 

symptoms (Fig. 5.2).  

 

Rain sample collection 

To associate sporangia arrival to first disease symptoms, precipitation after each rain event 

was monitored and rainwater samples were collected in a total of eight states; Alabama, 

Georgia, Louisiana, North Carolina, New York, Ohio, Pennsylvania and South Carolina, in 

the eastern United States from 2013 to 2015 (Table 5.1). In each state, a rainwater bucket 

was installed next to cucurbit fields (one per state) during the first planting. These disease 

monitoring fields which were part of the CDM sentinel plot network, were planted early 

before disease symptoms were observed in the area. Rain buckets consisted of a 5 gallon 

plastic bucket with snap-on lid with a 38-mm hole cut in the middle of the lid that was fitted 
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with a 150-mm powder funnel. Rainwater samples from each bucket were collected at least 

once a week or after each rain event and measured for total volume. Rainwater samples were 

then vacuum filtered in the laboratory at each collection site using a 0.45 µm pore size 

cellulose nitrate filter papers (MilliporeSigma, Darmstadt, Germany) to capture sporangia on 

the filters. Filters were dried and then placed into petri dishes, sealed and shipped to North 

Carolina State University in Raleigh, for processing. Precipitation from individual field sites 

were assayed for the presence of sporangia from 24 April to 7 August in 2013, 29 April to 02 

September in 2014, and 05 May to 12 August in 2015 (Table 5.1).  

 

Sample preparation and DNA extraction  

Filters were cut into four quarters with a sterile blade, and one quarter of the filter was 

assayed for P. cubensis, while the other three quarters stored at -80°C. Each quarter filter to 

be assayed was placed into a 1.5 ml microcentrifuge tube using sterile tweezers and 

submerged in 500 ml of 2% C-TAB solution amended with polyvinylpyrrolidone and β-

mercaptoethanol (He et al. 2007). DNA on the filters was extracted using the protocol by 

Kretzer et al. (2000) with some minor modifications. Briefly, filters were ground using a 

micropestle until maceration or until a slurry like state was reached. After grinding, samples 

were incubated at 65°C for an initial 30 min before two freeze-thaw cycles. The extracted 

DNA was stored in sterile water at -20°C until processing and analysis of the samples began. 

DNA from each filter was analyzed using ITS primers HDM04 

(5′AGCCACACAACACATAGT3′) and HDM07 (5′AGAATTGACTGCGAGTCC3′) 

developed by Gent et al (2009). These primers were previously blasted against nine whole 



 

115 

genome sequences and were also found to amplify both known lineages P. cubensis (Thomas 

et al. 2017). The amplicon produced in P. cubensis from these primers was 338 bp although 

the program used for amplification varied slightly from that published for P.  humuli (Gent et 

al. 2009). The cycling parameters consisted of an initial denaturation at 94°C for 3 min, 

followed by 20 cycles of denaturation at 94°C for 45 s, annealing at 63°C for 45 s that 

decreases by 0.5°C every cycle, and extension 72°C for 1 min. An additional 20 cycles  were 

carried out as follows: denaturation at 94°C for 45 s, annealing at 63°C for 45 s that 

decreases by 0.5°C every cycle, and extension 72°C for 1 min with a final extension at 72°C 

for 10 min. DNA fragments were electrophoresed in a 1.5% Tris-acetate EDTA gel. 

Ethidium bromide (0.5 µg mL
-1

) was added to each gel and the fragments were visualized 

over a UV trans-illuminator. DNA samples were scored for the presence of P. cubensis only 

if the positive control was positive and the negative; otherwise the PCR assay was repeated. 

Rain water samples were considered positive for sporangia of P. cubensis if a 338 bp 

amplicon was present on a 1.5% agarose gel. If no band was present, then the sample was 

considered negative for the presence of sporangia.  

 

CDM ipmPIPE disease forecasts  

 The CDM ipmPIPE system generates disease forecasts (as described above) throughout the 

growing season from April to October. Predicted risks are compiled and posted three times a 

week and a commentary on the potential outbreak and spread of CDM is posted online.  The 

following data were collected during the entire study period for each rainwater collection site 

in each state: i) GPS location of each site, ii) date of precipitation, iii) predicted risk of 
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disease outbreak during the week, and iv) date of first appearance of disease symptoms. 

Where different levels of disease risk were predicted during a week when precipitation was 

recorded at a particular location, the highest risk predicted was used in subsequent data 

analysis. Further, for samples collected after a rain event, the highest forecasted risk in the 

24-h window before and after sample collection was used in data analysis. Appearance of 

first disease symptoms signaled the end of collection of rainwater samples.  

 

Performance of CDM ipmPIPE prediction system  

 The performance of the CDM ipmPIPE system was tested by relating forecasted risks of 

disease outbreak for each precipitation monitoring site to: i) presence of P. cubensis 

sporangia at each site and ii) appearance of first disease symptoms at each site. Data were 

subsequently analyzed using a presence-absence predictions in a confusion matrix (Fielding 

and Bell 1997). Here risk of disease outbreak (DisR), presence of sporangia (SpoAv) and 

appearance of disease symptoms (DisAp) were defined on a binary scale: DisR = 1 if 

forecasted risk was either low, moderate or high and DisR = 0 if there no risk predicted, 

SpoAv = 1 if rainwater samples tested positive for P. cubensis and SpoAv = 0 otherwise, and 

DisAp = 1 when disease symptoms were observed at the site and DisAp = 0 otherwise. The 

performance of the CDM ipmPIPE was evaluated using several statistical methods derived 

from a confusion matrix for presence-absence data that indicates the true positive (TP), false 

positive (FP), false negatives (FN) and true negative (TN) predictions. The statistical 

methods included correct classification, sensitivity and specificity rates. Correct 

classification (= [TP + FP]/n) refers to the overall accuracy of the system in classifying 
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correct cases where n = total number of cases. Sensitivity (= TP/(TP + FN)) is the probability 

that the system correctly classifies the presence of disease risk. Specificity (= FP/(FP + TN)) 

is the probability that the model will correctly classify the absence of disease risk. In 

addition, the true skill statistic (TSS) traditionally is used to assess the accuracy of weather 

forecasts (Accadia et al. 2005). TSS [= (Sensitivity + Specificity) -1] ranges between -1 and 

1, where values of zero or less indicate performance no better than random, while +1 

indicates perfect agreement (Allouche et al. 2006). TSS is interpreted as follows: TSS < 0.4 = 

low, TSS 0.40 to 0.55 = acceptable, TSS: 0.55 to 0.70 = good, 0.70 to 0.85 = very good and 

>0.85 = excellent agreement beyond random chance (Monserud and Leemans 1992).  

 

Results  

Rainwater collection and positive samples 

A total of 66, 70, and 51 rainwater samples were collected across the all sites in 2013, 2014 

and 2015, respectively, for a total of 187 rainwater samples. Rainwater sample collection 

started as early as 24 April in 2013 with the last collection event on 12 August in 2015 (Table 

5.1). No rain water samples were collected at Baton Rouge, Louisiana in 2013 and Wooster, 

Ohio in 2015.  

 The number of samples that tested positive for P. cubensis sporangia varied across the 

study period and ranged from 2 samples in 2015 to 26 samples in 2013 with 10 samples 

testing positive for P. cubensis in 2014 (Table 5.2). In general, the number of positive sample 

were highest between June and July and then decreased thereafter except in 2015, where only 

2 samples tested positive for P. cubensis. The number of positive samples at each rainwater 
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collection varied by state and experimental year. For example, the highest number of positive 

samples in 2013 were observed in rainwater collected in Ohio and Pennsylvania (8 samples 

each) and in New York (6 samples) (Table 5.2). The only states with no positive samples in 

2013 were Louisiana and South Carolina. However, the highest number of positive samples 

in 2014 were in South Carolina and New York with 3 and 4 samples, respectively. No 

samples obtained in Georgia, Louisiana and Pennsylvania tested positive for P. cubensis in 

2014 (Table 5.2).  

 

First appearance of disease symptoms 

In 2013, symptoms of cucurbit downy mildew were first reported on 5 May in Charleston, 

South Carolina (Table 5.1). First disease symptoms were reported at Tifton, Georgia on 4 

June 2014 and 20 May 2015. Across all disease monitoring locations, the latest appearance of 

first symptoms was reported in Pennsylvania on 7 August 2013, Alabama on 19 August 2014 

and New York on 12 August 2015 (Table 5.1).  

Appearance of first disease symptoms consistently occurred after a positive rain 

sample was detected at the precipitation monitoring site across the entire study. For example, 

first disease symptoms at Long Island, New York in 2013 occurred on 22 July and the last 

positive sample at this site was on 8 July (Table 5.2). Similarly, first appearance of disease 

symptoms at Auburn, Alabama in 2015 occurred on 24 July after a positive rain sample was 

detected on 29 June (Table 5.2). Exceptions to this pattern were only observed in Alabama 

and South Carolina in 2013 and Georgia and Pennsylvania in 2014, where disease appeared 

before the detection of a positive rain sample (Alabama in 2013) or disease appeared in the 
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absence of a positive rain sample (South Carolina in 2013 and Georgia and Pennsylvania in 

2014). 

 The duration from the time a positive rain sample was detected to the appearance of 

the first disease symptoms varied across the study period. The shortest duration between 

these two time points was 2 days, which was observed at Pennsylvania Furnace, 

Pennsylvania in 2103 where a positive sample was detected on 5 August (Table 5.2) and the 

first disease symptoms were observed on 7 August (Table 5.1). The longest duration between 

these two points was 48 days, which was observed at Long Island, New York in 2014 where 

a positive rain sample was detected on 14 July and the first disease symptoms were observed 

on 2 September. For the remaining cases, the duration between detection of a positive rain 

sample and the appearance of the first disease symptoms ranged from 14 to 31 days (Table 

5.2). 

 

Predicted risks for cucurbit downy mildew 

Risk predictions of cucurbit downy mildew from the IAMS model during the growing season 

were monitored and recorded during the entire study period. In 2013, the IAMS generated 66 

outputs for the risk of cucurbit downy mildew across the region. Of these, 14 outputs did not 

coincide with a rain event, while 52 coincided with a rain event at the monitoring site (Table 

5.3). Among the IAMS output that coincided with a rain event, 32 were associated with no 

risk, while 20 were associated with either low (4 outputs), moderate (6 outputs) and high (10 

outputs) risk of disease outbreak (Table 5.3). With the exception of Alabama, the IAMS 

predicted, in general, an earlier outbreak of disease in the southern compared to more 
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northern states of New York, Ohio and Pennsylvania (Table 5.3). A total of 70 outputs 

associated with the risk of disease outbreak and coincided with a rain event were generated 

by the IAMS for the region in 2014. However, most of the generated outputs (40 outputs) 

were associated with no risk of disease, while only 13 outputs were associated with either a 

low (2 outputs), moderate (7 outputs) or high (4 outputs) risk of disease (Table 5.3). In 

addition, all the IAMS outputs in Louisiana and Pennsylvania in 2014 were associated with 

no risk of disease. As was the case in 2014, the IAMS predicted an earlier risk of disease 

outbreak in southern states and a later outbreak of disease in more northern states of New 

York and Ohio (Table 5.3). The IAMS generated a total of 51 outputs with 15 outputs 

associated with no risk of disease outbreak within the region, while 30 outputs were 

associated with either low (11 outputs), moderate (10 outputs) or high (9 outputs) risk of 

disease outbreak (Table 5.3). In addition, the IAMS predicted a risk of disease outbreak in all 

the sites monitored in 2015 except at Wooster in Ohio.       

 

Performance of the CDM ipmPIPE system 

The performance of the IAMS outputs in predicting the risk of disease outbreak was 

evaluated relative to the presence of sporangia and subsequent appearance of disease 

symptoms in cucurbit fields at the monitoring sites. Relative to the presence of sporangia, the 

overall accuracy of the IAMS was highest in 2014 with a correct classification rate of 0.87 

(Table 5.4). The IAMS model had the lowest accuracy in 2015 with a correct classification 

rate of 0.43. The accuracy of the IAMS in 2013 was intermediate with a correct classification 

rate of 0.61 (Table 5.1). Specificity rates of the IAMS followed a similar pattern as the 
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overall accuracy and was highest in 2014 with a rate of 0.88 and lowest in 2015 with a rate of 

0.41 (Table 5.4). Unlike the specificity, the sensitivity of the IAMS was very high in both 

2014 and 2015, with values of 0.80 and 1.0, respectively. The TSS statistic showed that the 

IAMS had good performance in 2014 and acceptable performance in 2015 (Table 5.4).  

 The CDM IAMS performed much better relative to the appearance of disease 

symptoms compared to the presence of sporangia across the entire study period (Table 5.4). 

The overall accuracy of the model relative to appearance of disease symptoms was 

consistently high and was 0.76 in 2013, 0.86 in 2014 and 0.61 in 2015. Across all the study 

period, the IAMS had an overall accuracy of 0.75 (Table 5.4). The sensitivity of the IAMS 

ranged from 0.59 in 2013 to 0.92 in 2015 with a rate of 0.73 across the study period. 

Similarly, specificity of the IAMS ranged from 0.50 to 0.91 with a specificity rate of 0.76 

across the study period. Based on the TSS statistic, IAMS performance ranged from 

acceptable (TSS = 0.42) to good (TSS = 0.58) with an overall performance that is acceptable 

(TSS = 0.49) across the study period (Table 5.4). 

 

Discussion 

 This study was undertaken to test the performance of the of the CDM ipmPIPE IAMS in 

predicting the relative risk of the occurrence of cucurbit downy mildew in the eastern United 

States. To facilitate this validation process, outputs from the IAMS were associated with the 

presence of sporangia of P. cubensis in rainwater and the appearance of first disease 

symptoms in cucurbit fields within the region. The IAMS correctly predicted the risk of 

disease outbreak based on the appearance of first disease symptoms with an accuracy rate of 
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75%. The model correctly predicted the risk of disease based on presence of sporangia as 

documented by DNA testing with an accuracy rate of 66%. These results indicate that the 

CDM ipmPIPE performed well in predicting the relative risk of cucurbit downy mildew in 

the region and the system is credible within the bounds of meteorological uncertainties. The 

performance of the CDM forecasting system is comparable to that of other similar systems 

that have been used to predict the risk of soybean rust in the United States which had overall 

accuracy ranging from 65% to 89% (Isard et al. 2011; Tao et al. 2009). Thus, the CDM 

IAMS should continue to be an integral part of the decision support system for the 

management of CDM and the forecasting system is expected to continue to provide cucurbit 

growers with valuable information that would alert them on the potential of increased risk of 

disease outbreak and thereby help to improve the timing of the initial fungicide spray. 

 Within the CDM ipmPIPE, the IAMS is configured in a modular format and includes 

modeling for sporangia release and escape from the plant canopy, atmospheric sporangia 

transport and mortality due to exposure to solar radiation, wet and dry deposition of spores, 

and host availability at receptor destinations. The risk of disease outbreak is based on 

combining relationships of atmospheric spore transport from confirmed sources of CDM to 

potential receptor locations in the region with environmental conditions along the projected 

pathway of spore transport. In this study, the performance of IAMS relative to presence of 

sporangia was less accurate compared to the appearance of disease symptoms. Wet 

deposition, which depends on precipitation, is a major mechanism under long-range transport 

for the transfer of spores from the atmosphere onto crop canopies (Viljanen-Rollinson et al. 

2007; Isard et al. 2005). Unlike temperature or relative humidity, rainfall can be spatially 
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heterogeneous over a small spatial scale (Kirchner 2006). Thus, and spatial heterogeneity of 

precipitation at the monitoring fields could partly have contributed low accuracy based on 

sporangia presence. In addition, uncertainties can also arise due to several factors including 

the mixed boundary layer height at the source site, which determines the starting height of 

the trajectory simulation, and the wind pattern, which decides the trajectory pathway (Aylor 

1999; Aylor 2003). Other factors include, but are not limited to, possible washout of P. 

cubensis sporangia during transport, local recirculation of sporangia at the monitoring fields 

and PCR error rate in identifying samples. Roughly 10% of all sequences amplified in PCR 

contain one or more errors per 250bp sequence (Kobayashi et al. 1999). These uncertainties 

could also partly explain why no positive samples of P. cubensis were observed at the site in 

Georgia, Louisiana, North Carolina and Pennsylvania in 2015, although the IAMS predicted 

risk of disease outbreak at the site as supported by the appearance of disease at these sites. 

Similar discrepancies between IAMS and wet deposition of spores of plant pathogens have 

also been reported during testing and evaluation of forecasting systems for soybean rust in 

the United States (Isard et al. 2011; Tao et al. 2009).  

 In this study, CDM ipmPIPE IAMS predictions for the risk of disease outbreak were 

compared to the simple presence or absence of sporangia of P. cubensis during forecasting. 

This was primarily due to the lack of quantitative PCR primers to quantify sporangia of P. 

cubensis (Withers et al. 2016). Isard et al (2011) related IAMS predictions of spore 

deposition to different categories of spore loads of P. pachyrhizi and only observed good 

agreement when spore loads were moderate or high. It was observed that rain samples with 

trace and low spore loads of P. pachyrhizi and IAMS deposition predictions with trace and 
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low densities of spores are difficult to interpret with respect to the spread of soybean rust 

primarily due to the uncertainty in the viability of spore collected after the rain event. As in 

the present study, spores collected in rain water samples may or may not be viable and a trace 

or low prediction of spore load may or may not be significant with regard to disease 

outbreak. Thus, one approach to better evaluate the performance of the CDM ipmPIPE 

predictions of sporangia deposition is to develop immunofluorescence diagnostic assays that 

are able to quantify and detect the viability of P. cubensis sporangia. Such assays, which 

have been developed for P. pachyrhizi (Luster et al. 2012; Vittal et al. 2012), can be used to 

establish categories of IAMS predictions of spore deposition that are most meaningfully 

associated with the risk of disease outbreak in the field. In some cases, although sporangia 

were present based on the DNA test, symptoms of cucurbit downy mildew developed more 

than 14 days after a positive rain sample was detected in the field. The absence or a lag in 

appearance of disease symptoms in the presence of pathogen spores or DNA has been 

reported for P. cubensis (Granke et al. 2014) and in other plant disease systems (Choudhury 

et al. 2016; Tao et al. 2009). This absence or lag in disease development in presence of 

spores may be due to a low density of viable sporangia and/or unfavorable weather factors 

for infection and disease development.       

 The CDM ipmPIPE system provided accurate predictions of the risk of disease 

outbreak relative to the actual appearance of disease symptoms in the field. The probability 

that the IAMS output within the CDM ipmPIPE correctly classified the presence and absence 

of disease was ≥73%. During the growing season, disease forecasts are made 2 to 3 days in 

advance for a total three times during a week. Forecasts of CDM can also be made up to 1 
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week in advance.  However, weather predictions are uncertain, because both forecast initial 

conditions and the computational representation of the known equations of motion are 

uncertain (Palmer et al. 2005). Thus, uncertainty of the CDM forecasts in the eastern United 

States will increase in-parallel with the uncertainty of using modeled weather forecasting 

data from the United States National Weather Service. Disease predictive systems are 

intended to be management aids and with a few exceptions, these systems typically do not 

have direct sustained use by growers (Gent et al. 2013). However, disease forecasting 

systems that predict spore levels or arrival of spore also tend to inform decisions that are not 

readily learnable, and such predictors, like the CDM ipmPIPE, have had sustained direct use 

(Gent et al. 2013). Cucurbit downy mildew occurs annually in the eastern United States and 

the use of the system substantially improves disease control and reduces the risk of damaging 

disease outbreaks in most years (Ojiambo et al. 2011). The improvement in managing the 

risk of disease outbreak has been the motivation for growers to use CDM ipmPIPE 

forecasting system as part of the integrated decision support system for cucurbit downy 

mildew.  

  The accuracy of IAMS prediction of the risk of disease outbreak relies significantly 

on the reports of new disease outbreaks. Reports of new outbreaks provide key information 

on the sources of inoculum present in the region and that can potentially be transported to 

uninfected receptor fields. Thus, reporting of disease outbreaks is an important component of 

the CDM ipmPIPE. This is particularly important since the timing of the first fungicide spray 

is key in limiting the northward advance of epidemics of cucurbit downy mildew during the 

growing season. The sentinel plots network of the CDM ipmPIPE facilitates timely 
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applications of fungicides to cucurbits in the south early during the start of the season. These 

fungicide applications reduce the spore loads and thus, the number of sporangia available at 

the source become insufficient to pose a risk to cucurbit production in more northern states. 

The assurance provided by the IAMS output and the disease monitoring network to cucurbit 

growers, crop consultants, and extension specialists in more northern production areas that 

their fields are not at risk early in the summer is an additional benefit that provides 

substantial monetary savings to cucurbit growers in more northern states (Ojiambo et al. 

2011). In addition, growers can sign-up to receive customized real-time information on the 

risk of disease outbreak and new disease outbreaks within their area of operation which 

further gives them the flexibility to make disease management decisions without necessarily 

being in the field. In summary, the web-based interactive outputs of the CDM ipmPIPE 

forecasting system that are derived from a combination of disease monitoring from the 

sentinel plot network and simulations from aerobiology modeling system, provides a 

coordinated control that has resulted in more effective management of cucurbit downy 

mildew in the eastern United States.   
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Table 4.1 Description of field sites where rain water samples were collected, date of the start of rain water collection period 

and date of first observed disease symptoms 

    2013  2014  2015 

Site State Latitude Longitude Rain
a
 Disease

b
  Rain Disease  Rain Disease 

Auburn AL 32.609900 ‒85.480800 07 Jun 03 Jul  23 May 19 Aug  20 Jun 24 Jul 

Tifton GA 31.501731 ‒83.543456 01 May 04 Jul  13 May 04 Jun  05 May 20 May 

Baton Rouge LA 30.409444 ‒91.112500 -
c 

-
c  13 May -

d  05 May 19 Jun 

Long Island NY 40.942500 ‒72.741111 31 May 22 Jul  10 Jun 02 Sept  06 Jun 12 Aug 

Clayton NC 35.667830 ‒78.505567 13 May 10 Jun  07 May 30 Jun  07 May 29 Jun 

Wooster OH 40.772222 ‒81.909167 31 May 25 Jul  16 Jun 14 Aug  -
c 

-
c 

Penn. Furnace PA 40.712960 ‒77.942719 13 May 07 Aug  10 Jun 15 Aug  12 Jun 03 Aug 

Charleston SC 32.785131 ‒80.066858 24 Apr 30 May  29 Apr 23 Jun  07 May 03 Jun 

a 
Refers to the date for the start of the rain water collection to test for the presence of sporangia.  

b
 Refers to the date when the disease symptoms were first observed at the site.  

c
 Rain water samples were not collected at this site. 

d
 No disease symptoms were observed at the site during this monitoring period. 
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Table 4.2 Summary of weekly number of rain water samples collected at the monitoring sites that tested positive for the 

presence of Pseudoperonospora cubensis DNA in atmospheric bulk deposition samples 

  Date of positive rain sample  

Year Site state 13 May 27 May 3 Jun 10 Jun 17 Jun 24 Jun 1 Jul 8 Jul 22 Jul 29 Jul 5 Aug Total 

2013 AL 0 0 0 0 0 0 0 0 1 1 0 2 

 GA 0 0 1 0 0 0 0 0 0 0 0 1 

 LA 0 0 0 0 0 0 0 0 0 0 0 0 

 NY 0 0 1 0 1 0 1 1 2 0 0 6 

 NC 0 0 0 1 0 0 0 0 0 0 0 1 

 OH 0 0 1 1 2 2 1 1 0 0 0 8 

 PA 1 1 0 1 0 1 0 1 0 1 2 8 

 SC 0 0 0 0 0 0 0 0 0 0 0 0 

 Total 1 1 3 3 3 3 2 3 3 2 2 26 

    

  12 May 19 May 2 Jun 9 Jun 16 Jun 23 Jun 30 Jun 7 Jul 14 Jul 18 Aug 15 Sep Total 

2014 AL 0 0 0 0 0 0 0 0 1 0 0 1 

 GA 0 0 0 0 0 0 0 0 0 0 0 0 

 LA 0 0 0 0 0 0 0 0 0 0 0 0 

 NY 0 0 0 0 0 0 1 0 1 0 1 3 

 NC 0 0 0 1 0 0 0 0 0 0 0 1 

 OH 0 0 0 0 0 0 0 0 1 0 0 1 

 PA 0 0 0 0 0 0 0 0 0 0 0 0 

 SC 1 0 0 0 1 2 0 0 0 0 0 4 

 Total 1 0 0 1 1 2 1 0 3 0 1 10 

              

  11 May 18 May 1 Jun 8 Jun 15 Jun 22 Jun 29 Jun 6 Jul 13 Jul 27 Jul 3 Aug Total 

2015
a
 AL 0 0 0 0 0 1 0 0 0 0 0 1 

 NY 0 0 0 0 0 0 0 0 0 1 0 1 

 Total 0 0 0 0 0 1 0 0 0 1 0 2 
a 

Rain water samples collected at the site in GA, LA, NY, NC, OH, PA and SC did not test positive for the presence of 

pathogen spores except at the site in Alabama and New York in 2015. 
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Table 4.3 Predicted risk of cucurbit downy mildew when forecasts coincided with weekly rain water samples collection at the 

monitoring sites during the experimental period
 a
 

  Date of rain sample collection 

 

Year 

 

State 

22 

Apr 

29 

Apr 

6  

May 

13  

May 

20 

May 

27 

May 

3  

Jun 

10  

Jun 

17 

Jun 

24 

Jun 

1 

Jul 

8 

Jul 

15 

Jul 

22 

Jul 

29 

Jul 

5 

Aug 

12 

Aug 

19 

Aug 

26 

Aug 

2013 AL .
b
 . . . . . ‒ . . . . + . + + . . . . 

 GA . ‒ . ‒ + ‒ + ‒ . + + . . . . . . . . 
 LA . . . . . . . . . . . . . . . . . . . 
 NY . . . . . . ‒ ‒ ‒ +

c + ‒+ ‒ ‒ ‒ + . . . . . 
 NC . . . . ‒ ‒ ‒ + . . . . . . . . . . . 
 OH . . . . . . ‒ ‒ ‒ ‒ ‒ + . . . . . . . 
 PA . . . ‒ ‒ ‒ ‒ ‒ . ‒ + ‒ ‒ + + + . . . 

 SC ‒ ‒ ‒ . ‒ . . . . . . . . . . . . . . 
                     

  

 

28 

Apr 

12 

May  

19 

May  

26 

May  

2 

Jun  

9 

Jun  

16 

Jun  

23 

Jun  

30 

Jun  

7 

Jul 

14 

Jul 

28 

Jul  

4 

Aug 

11 

Aug 

18 

Aug 

25 

Aug 

1 

Sep 

8 

Sep 

15 

Sep 

2014 AL . . . . . . . ‒ . . + . . . . . . . . 
 GA . . ‒ . + . + . . . . . . . . . . . . 
 LA . . . ‒ ‒ ‒ ‒ ‒ . ‒ ‒ . . . . ‒ ‒ ‒ . 

 NY . . . . . . . ‒ ‒ . ‒+ ‒ ‒ ‒ ‒ . + . + 

 NC . . ‒ . . + ‒ ‒ ‒ . . . . . . . . . . 

 OH . . . . . . ‒ ‒ ‒ . ‒ ‒ . . + . . . . 

 PA . . . . . . ‒ ‒ ‒ ‒ ‒ ‒ ‒ ‒ . . . . . 

 SC ‒ ‒ . ‒ ‒ + + + . . . . . . . . . . . 

                     

  4 

May 

11 

May 

18  

May 

25  

May 

1 

Jun 

8 

Jun 

15 

Jun 

22 

Jun 

29 

Jun 

6 

Jul 

13 

Jul 

20 

Jul 

27 

Jul 

3 

Aug 

12 

Aug 

19 

Aug 

26 

Aug 

2 

Sep 

9 

Sep 

2015
a
 AL . . . . . . . + . + . . . . . . . . . 

 GA . . . + . . . . . . . . . . . . . . . 

 LA . . . . ‒ . + . . . . . . . . . . . . 

 NY . . . . . . . ‒ + ‒ + ‒+ . + + + . . . . 

 NC . ‒ ‒ ‒ ‒ + ‒ + + + + ‒ + . . . . . . . . . 

 OH . . . . . . . . . . . . . . . . . . . 

 PA . . . . . . ‒ ‒ + ‒ + ‒ + ‒+ + + . . . . . . 
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Table 4.3 (continued) 

 
 SC ‒ . + . + . . . . . . . . . . . . . . 
a 
Predicted risk levels are defined on a binary scale as follows: ‘‒’ = no risk and ‘+’ = either low, moderate or high risk.  

b
 Days where forecast did not coincide with weekly rain water collection.  

c
 Days where the predicted risk during the week changed from no risk (‒) to either low, moderate or high risk (+) and vice versa.  
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Table 4.4 Performance characteristics of the cucurbit downy mildew forecasting system based on the association of the 

predicted risk and the presence of sporangia and appearance of first disease symptoms. 

a 
Accuracy is the proportion of correctly classified cases within the dataset. 

b 
Sensitivity is the proportion of correctly classified cases in class = 1 (when forecast predicted disease or sporangia would occur).  

c
 Specificity is the proportion of correctly classified cases in class = 0 (when forecast predicted disease or sporangia would not occur). 

d
 True Skill Statistic (TSS) is a synthetic index that takes into account sensitivity and specificity, and ranges from −1 to +1,  where 

values of zero or less indicate a performance no better than random and +1 indicates perfect agreement.  

 

  

Forecasted risk   Performance characteristic  

versus  Year DNA filters Accuracy
 a
 Sensitivity

 b
 Specificity

 c
 TSS

 d
 

Sporangia 

presence 

2013 
66 0.61 0.42 0.73 0.15 

 2014 70 0.87 0.80 0.88 0.68 

 2015 51 0.43 1.00 0.41 0.41 

 All (2013-2015) 187 0.66 0.55 0.68 0.24 

       

Disease 

appearance 

2013 
n/a 0.76 0.59 0.84 0.43 

 2014 n/a 0.86 0.67 0.91 0.58 

 2015 n/a 0.61 0.92 0.50 0.42 

 All (2013-2015) --- 0.75 0.73 0.76 0.49 
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Figure 4.1 An example of an epidemic map of the CDM ipmPIPE forecasting system 

depicting the status of outbreaks of a cucurbit downy mildew epidemic. Red and green 

symbols refer to counties with disease outbreaks that are ≤ 7 or > 7days old at the time the 

map was accessed, while white fills represent counties where disease outbreaks are no longer 

present. Map courtesy of cdm.ipmpipe.org. 
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Figure 4.2 A schematic flow chart depicting the integration of key components of the CDM 

ipmPIPE forecasting system in the prediction of the risk of cucurbit downy mildew in eastern 

United States. 
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Figure 4.3 Example of predicted risks of cucurbit downy mildew in eastern United States. A) 

Predicted risk levels (low and moderate risk) on day 2 and B) predicted risk levels (moderate 

and high risk) on day 3 issued on June 3, 2016. Disease forecasts are issued every 2 to 3 days 

based on the reports of disease outbreaks and weather variables along the projected pathway 

of sporangia transport. Map courtesy of cdm.ipmpipe.org. 
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CHAPTER 5 

Conclusion 

The research reported in this dissertation provides an assessment of the daily risk of 

infection cucurbit host types by Pseudoperonospora cubensis and evaluates the performance 

of a system for forecasting outbreak of cucurbit downy mildew (CDM) in the eastern United 

States. The downy mildew pathogen is aerially dispersed and requires moisture for infection 

of susceptible host plants. Weather variables, such as temperature, leaf wetness, relative 

humidity and rain were evaluated as potential predictor variables to predict risk of infection 

of cucumber, cantaloupe and squash by P. cubensis.  

Infection of host plants by P. cubensis, is influenced primarily by temperature and by 

moisture, as either leaf wetness or relative humidity. Temperature, leaf wetness, and relative 

humidity affect several aspects of the biology of the pathogen. These environmental variables 

were correlated with disease severity and incidence of the exposed cucumber plants, and used 

to develop risk assessment models. The models developed in this study identified average 

daily temperature and number of hours of relative humidity >80% over a 24-h period as 

important predicators of for the daily risk of infection. External validation using data 

collected in Charleston, SC showed that the models developed as part of this research had 

good performance. The developed models can provide growers with an assessment of the 

prevailing risk of disease during the field season.  Further, the models were developed using 

a susceptible variety of cucumber and considering differences in host susceptibility, 

production costs and yield they were validated models for use in other host types, such as 

squash and cantaloupe. The 24-h and 48-h models both performed well, correctly classifying 
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cases >67% of the time for both host types. Optimal decision thresholds based upon current 

fungicide and crop loss costs were established for each host type in order to maximize 

efficiency of the models and reduce overall costs. These models and optimized thresholds 

can be used in tandem with the current CDM ipm forecasting system to provide guidance for 

the overall management of CDM. This is the first study to establish and quantify the risk of 

CDM during the growing season. During the season, growers typically spray 11 applications 

for adequate disease control during the growing season. Application of these models further 

improves fungicide efficiency and can potentially reduce the number of sprays applied during 

the season.   

 The current CDM ipmPIPE forecasting system was implemented in 2008 to provide 

growers, extension personnel and crop production consultants with the current epidemic 

status and guidance on the timing of the first fungicide spray. The system previously had not 

been validated for accuracy in the forecast’s ability to predict sporangia transport and disease 

onset. To relate forecasts to sporangia deposition, rainwater samples were assayed for the 

presence of sporangia. This is the first study to evaluate rainwater samples for presence of P. 

cubensis sporangia using pathogen-specific primers and to relate the presence of sporangia in 

rainwater to the risk of disease outbreak. Forecasts for specific site locations across eight 

states in the eastern United States were recorded over three years and correlated to presence 

of sporangia in rainwater and the first appearance of disease symptoms. Agreement between 

forecasts and presence of sporangia averaged 66% and was comparable to accuracy of 

similar systems used to forecast the risk of soybean rust in the United States. Further, the 

accuracy of the forecasting system relative to appearance of first disease symptoms averaged 
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75% over the study period and indicates that the forecasting system has good performance in 

predict the outbreak of CDM. This finding has important implications for the CDM ipmPIPE 

forecasting system, since growers rely on the forecasts to make informed decisions on 

management of CDM in their crops. Ensuring that the forecasting system is accurate adds 

significant value to the adoption of the decision tool by cucurbit growers as part of their 

integrated management of CDM.  
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APPENDIX 
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Development of 5’ Nuclease Probes to Detect and Quantify Sporangia of 

Pseudoperonospora cubensis 
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Abstract 

Pseudoperonospora cubensis, the causal agent of cucurbit downy mildew (CDM), is one of 

the most damaging disease of cucurbitaceous crops worldwide. Sporangia produced by the 

pathogen are disseminated by wind currents from source locations and deposited on the crop 

canopy during rain events. Deposition events can lead to disease outbreak when prevailing 

weather is conducive for infection. An aerobiological model within the CDM ipm Pest 

Information Platform for Extension and Education (CDM ipmPIPE) forecasting system are 

used to predict the risk of disease outbreak by simulating transport of sporangia. However, 

these predictions of sporangia availability and deposition following transport events have not 

yet been validated. Primers were developed to identify and quantify the amounts of sporangia 

in rainwater samples. Samples were collected to facilitate comparison of observation of P. 

cubensis sporangia in the field with simulations of wet deposition of sporangia from the 

CDM ipmPIPE forecasting system. Quantitative real-time polymerase chain reaction (qPCR) 

assays utilizing 5’ nuclease probes were developed and evaluated for their sensitivity and 

specificity in quantifying sporangia of P. cubensis. Single copy gene primers from 

housekeeping regions of the pathogen were selected and tested for sensitivity and specificity. 

The final product from these primers was then sequenced and assays developed using IDT 

primerquest. Specificity tests showed that the assay did not amplify DNA of closely related 

oomycete pathogens such as Peronospora tabacina, Peronospora belbahrii or Phytophthora 

infestans. The assay was validated with a set of seven isolates collected from cucurbit host 

types in the eastern United States. Dilutions of P. cubensis DNA and the corresponding mean 
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cycle threshold values were strongly correlated (R
2 

= 0.89; P < 0.05) with an amplification 

efficiency of 81%.  

 

1. Introduction 

 Pseudoperonospora cubensis, the causal agent of cucurbit downy mildew (CDM), is one of 

the most damaging pathogens of cucurbitaceous crops worldwide. The CDM pathogen is an 

oomycete infecting over 60 plant species belonging to 20 different genera within the family 

Cucurbitaceae (Lebeda, 1992). The most economically important host species affected CDM 

are cucumber (Cucumis sativus), melons (Cucumis melo), watermelons (Citrullus lanatus) 

and squashes (Cucurbita pepo) (Savory et al., 2011 and Lebeda and Widrlechner, 2003). The 

pathogen reproduces asexually via production of sporangia which are aerially dispersed and 

capable of being transported over long distances (Ojiambo and Holmes, 2011). The downy 

mildew pathogen is an obligate parasite that cannot survive in absence of its host. In the 

continental United States, the pathogen is widely thought to overwinter in southern Florida 

below the 30
th

 latitude where winters are mild and allow for the continuous cultivation of 

cucurbits. Thus, sporangia from overwintering sources in the south are aerially dispersed 

northwards and can cause disease outbreaks where the host is available and conditions are 

conducive for infection.  

 The annual extinction and recolonization cycles of CDM in continental United States 

has made it possible to forecast and predict the movement of sporangia and risk of disease 

outbreak (Ojiambo et al., 2011). Dispersal of sporangia depends on wind currents with 

deposition occurring following a rain event (Ojiambo et al, 2011). Subsequently, CDM can 
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develop after sporangia deposition if prevailing weather conditions are conducive for 

infection. The CDM ipmPIPE forecasting system was developed in 2008 to provide growers 

with near real-time information on the risk of disease outbreak and the status of the epidemic 

within a given area. Disease forecasts are developed based on an ensemble of inoculum 

source fields, trajectories of sporangia transport and weather conditions along the projected 

trajectories of spore transport. Currently, source fields are identified based on reports of 

disease outbreaks from sentinel plots or home gardens and commercial fields. While the 

forecasting system has resulted in significant fungicide savings (Ojiambo et al., 2011), the 

system has not been validated with respect to predictions related to sporangia availability 

following rain events. Such a validation would require developing a technique that can assay 

rain water to assess patterns of spore deposition during the growing season.  

 Molecular assays for detecting the presence of pathogens in air or rainwater samples 

must be selective and sensitive to avoid false positive results if they are to be used to detect 

the pathogen of interest. Assays for detecting a closely related oomycete Pseudoperonospora 

humuli, have been developed to identify the pathogen in hop yards. When coupled with 

conducive weather variables, these assays could be deployed as part of an early warning 

system prior to development of symptoms (Gent et al., 2009, Summers et al., 2015). 

Although the molecular-based assay developed by Summers et al. (2015) could differentiate 

between P. humuli and P. cubensis, the assay was based on a multi-copy region and thus, it 

may not useful for quantifying sporangia. In a related study, ITS regions were utilized to 

quantify Phakopsora pachyrhizi spores from rainwater and to relate them to forecasted levels 

of risk (Barnes et al., 2008). However, to effectively quantify sporangia from a source 
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sample, a regression of spore counts and cycle threshold values should be evaluated with 

multi-copy assays (Choudhury et al., 2016; Choudhry et al., 2017).  

 In order to quantify P. cubensis sporangia in rainwater samples and relate these sporangia 

counts to levels of forecasted risk, primers that are specific and capable of amplifying a 

single gene region are needed. Thus, the objective of this study was to develop single copy 

primers that quantify sporangia of P. cubensis and ensure that the assay can specifically 

amplify P. cubensis in the presence of closely related aerially dispersed pathogens.   

 

2. Materials and Methods 

Plant material, pathogen isolates, rainwater and inoculum preparation 

Plants of the susceptible cucumber cultivar ‘Straight eight’ were directly seeded and grown 

in 8-cm Styrofoam cups containing vermiculite. All plants were maintained in a greenhouse 

devoid of downy mildew and illuminated with natural light with a temperature regime of 

32°C and 26°C day and night, respectively. Plants were watered daily with deionized water 

in the morning and half strength Hoagland’s solution (Hoagland and Arnon, 1950) in the 

afternoon. 

 Nine isolates of P. cubensis, four isolates of Peronospora tabicina, two isolates of 

Phytophthora infestans and one isolate each of Peronospora belbahrii and P. humuli were 

used in this study (Table 4.1). Isolates of P. cubensis were collected from different cucurbits 

in the eastern United States and stored at ‒80°F on host tissue from which they were 

originally isolated. Isolates of P. infestans and P.tabicina were obtained from Ristano 

laboratory; P. belbahrii from Quesada laboratory at NC State University. An isolate of P. 



 

150 

humuli was obtained from the Gent laboratory at USDA, in Corvallis, OR. Fresh rain 

samples were collected in the winter to prevent collection of P. cubensis sporangia in order to 

evaluate for cross reactions. Stored isolates of P. cubensis were thawed, and sporangia from 

leaf tissue were dislodged and suspended into deionized water at a concentration of 1 ×10
14

 

and re-inoculated onto fresh leaf tissue from the respective host as described previously 

(Neufeld and Ojiambo, 2012). Fresh sporangia were subsequently harvested after 7 days by 

dislodging them with sterile deionized water sprayed from a Preval sprayer (Complete Unit 

267: Precision Valve Corporation, Yonkers, NY) and placed in a 2.2 ml microcentrifuge 

tubes. 

To verify sporangia from rainwater samples, precipitation was collected in a total of 

eight states; Alabama, Georgia, Louisiana, North Carolina, New York, Ohio, Pennsylvania 

and South Carolina, in the eastern United States from 2013-2015. In each state, a rainwater 

bucket was installed next to cucurbit fields (one per state) during the first planting. These 

disease field monitoring fields which were part of the CDM sentinel plot network, were 

planted early before disease symptoms were observed in the area. Rain buckets consisted of a 

5 gallon plastic bucket with snap-on lid with a 38-mm hole cut in the middle of the lid that 

was fitted with a 150-mm powder funnel. Rainwater samples from each bucket were 

collected at least once a week or after each rain event and measured for total volume. 

Rainwater samples were then vacuum filtered in the laboratory at each collection site using a 

0.45 µm pore size cellulose nitrate filter papers (MilliporeSigma, Darmstadt, Germany) to 

capture sporangia on the filters. Filters were dried and then placed into petri dishes, sealed 

and shipped to North Carolina State University in Raleigh, for processing.  
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DNA extraction 

DNA was extracted from P. cubensis isolates using an extraction protocol for colony PCR 

analysis as outlined by He et al. (2007) with the following modifications. Samples were 

vortexed for 5 min, incubated as indicated and this step repeated once more before adding 

chloroform:isoamyl alcohol. Once the aqueous layer was discarded, the isopropanol DNA 

precipitation protocol by Kretzer et al. (2000) was followed. DNA concentration was 

determined using the NanoDrop ND 1000 spectrophotometer and software (NanoDrop 

Technologies Inc.). DNA integrity of each isolates was verified on a 1.5% agarose gel.    

Filters were cut into four quarters with a sterile blade, and one quarter of the filter was 

assayed for P. cubensis, while the other three quarters stored at -80°C. Each quarter filter to 

be assayed was placed into a 1.5 ml microcentrifuge tube using sterile tweezers and 

submerged in 500 ml of 2% C-TAB solution amended with polyvinylpyrrolidone and β-

mercaptoethanol (He et al. 2007). DNA extraction occurred as outlined above with the 

following modifications. Filters were ground using a micropestle until maceration or until a 

slurry like state was reached. After grinding, samples were incubated at 65°C for an initial 30 

min before two freeze-thaw cycles.  

 

Primer design, DNA amplification and sequencing 

 Whole genome sequence data of P. cubensis from GenBank was used to develop single copy 

primers. Initially, 6,833 single copy genes were identified within the genome of P. cubensis. 

Primer3 (Rozen et al., 2000) was used to identify genes with primers roughly 300-500bp in 

length (LM Quesada, personal communication). Of these, primers were selected from 
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housekeeping regions (Table 4.2) and tested on a suite of P. cubensis isolates to determine 

their specificity (Table 4.1). The amplification program consisted of an initial denaturation at 

94°C for 3 min, followed by 20 cycles of denaturation at 94°C for 45 s, annealing at 65°C for 

45 s that decreases by 0.5°C every cycle, and extension 72°C for 1 min. This was followed 

by an additional 20 cycles of denaturation at 94°C for 45 s, annealing at 55°C for 45s, and 

extension 72°C for 1 min with a final extension at 72°C for 10 min. DNA fragments were 

subjected to electrophoresis in a 1.5% Tris-acetate EDTA gel. Ethidium bromide (0.5µg mL
-

1
) was added to each gel and the fragments were visualized over a UV trans- illuminator. 

Primers that amplified a fragment from all isolates were subsequently tested for specificity 

using all other test isolates (Table 4.1). 

 PCR products from primers that were specific for P. cubensis were sent to Genomic 

Sequencing Laboratory (GSL) at North Carolina State University for processing. Haplotypes 

were aligned using clustalX (Larkin et al., 2007) and verified regions were matched across 

isolates. Sequences were then uploaded into IDT PrimerQuest (PrimerQuest® program, IDT, 

Coralville, USA) to create qPCR primers and probes under guidelines as recommended by 

IDT. Primer and probes were ordered for primer combinations that amplified on P. cubensis 

isolates (Table 4.3). Potential primers were validated for their sensitivity and specificity with 

test isolates as outlined above using conventional PCR. 

 

Quantitative PCR assay testing 

 Primers and probes that targeted single copy regions of housekeeping genes in order to 

quantify sporangia were designed by IDT using the sequences as outlined above. An 
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optimized 20 µl reaction containing 1x iTaq Universal Probes supermix (Bio-rad, Hercules, 

CA), 400 nM of each primer and 250 nM of the respective probe was used in this study. One 

ng total DNA was used as template, while reactions lacking DNA template were included as 

negative controls. All reactions were performed using 96-well white shell, clear well plates 

on a MJ Research DNA Engine Opticon 2 machine. The following PCR protocol was used to 

test primer probe combinations: an initial denaturation at 95°C for 3 min followed by 40 

cycles at 95°C for 15 s, and annealing/extension step at 65°C for 30s with a plate read at the 

end of every cycle. Three technical replicates of each sample were run and the average cycle 

threshold (Ct) and standard deviation were calculated using the Opticon software.  

 Optimization of ‘C’ primer and probe combination occurred under the following 

conditions: initial denaturation at 95°C for 3 min followed by 40 cycles at 95°C for 15 s and 

annealing/extension step at 62.5°C for 30 s with a plate read at the end of every cycle. 

Optimization of assays requires testing different combinations of primer and probe 

concentrations that yield the best Ct values. Primers were tested for concentrations between 

150 and 900 nM with concentrations of probe varying between 150 and 250 nM. 

Development of the standard curve and detection limit was determined using isolate 

2014A20 extracted from 35,000 sporangia. Sporangia counts were verified using a 

hemocytometer and an appropriate aliquot taken for extraction. DNA extraction was 

performed as described above for all P. cubensis isolates. DNA concentration of the sample 

was verified using a NanoDrop and 1.5% agarose gel and diluted to concentrations of 20, 10, 

1, 0.1 and 0.01 ng which represent 35000, 18750, 1875, 187.5 and 18.8 sporangia, 
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respectively. Amplification efficiency (Ex) was calculated from the slope of the regression 

line as Ex = 10
(-1/slope)

 ‒1. 

 

3. Results 

3.1 DNA extraction and sequencing 

 Thirteen sets of single copy gene primers were selected for initial screens with nine P. 

cubensis isolates from multiple hosts, years and locations across the United States. Of these, 

nine primers amplified DNA products from all isolates and were tested for specificity on 

other closely related oomycete pathogens (Table 4.1). Three primer pairs amplified has cross-

specificity on either isolates of Phytophthora infestans or Peronospora tabicina, and this 

eliminated Myosin, tubulin binding cofactor C, and Cytochrome o Ubiquinol oxidase as 

potential targets. All primers that amplified P. cubensis fragmentsalso amplified P. humuli 

fragments. 

 PCR product from at least three P. cubensis isolates for each of the six primers were 

sequenced and then aligned. All products were in 100% agreement with no SNP 

replacements, and thus, the sequences were used to create two qPCR primer/probe pairs for 

each sequence. Of the twelve primers, UFP, M39, EUP, K, SIP and C, were selective for P. 

cubensis. These were aligned to whole genome sequences available and verified to be single 

copy. Three primer and probe combinations, namely C1, M2 and K2, were selected for 

testing in the final qPCR assay (Table 4.3).   
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3.2 Quantitative PCR assay development and testing 

 Three primer and probe combinations (C1, M2 and K2) were tested on two isolates of P. 

cubensis to determine their utility. Two of the three primer and probe combinations, C1 and 

K2, detected DNA within the test samples. The average Ct was 28.3, 32.43 and 30.38, 33.21 

for two isolates tested with C1 and K2, respectively. In general, primer and probe 

combination C1 had lower Ct values and thus, was selected as the first candidate for 

optimization. The lowest Ct observed for the assay was an average of 24.62 from 150 nM 

and 200 nM concentrations of primer and probe, respectively. The next optimal combination 

was 400 nM primer and 250 nM probe with an average Ct score of 25.53. 

 The optimized assay was sensitive enough to detect P. cubensis sporangia to roughly 187.5 

sporangia per sample with a Ct of 36.81 (Figure 4.1). At 20ng/µl of DNA or approximately 

35,000 spores/µl the Ct score was 25.25 resulting in a R
2
 of 0.89 across all five 

concentrations tested with an amplification efficiency of 81%. The utility of the assay to 

detect sporangia from rainwater samples was tested and resulted in no amplification of test 

samples.  

 

4. Discussion 

 This study was undertaken to develop 5’ nuclease probes for detection of 

Pseudoperonospora cubensis and quantifying the number of sporangia within rainwater 

samples by identifying and using primers that amplify single copy DNA sequences. Several 

primers were identified as single copy through sequencing PCR products and aligning to 

multiple whole genomes. These were narrowed down as reasonable assays by testing 
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specificity with other closely related aerially dispersed pathogens and sensitivity on a range 

of P. cubensis isolates. Three candidate assays were developed of which two successfully 

produced reasonable Ct scores and proved to be specific for P. cubensis. The primers 

developed in this study served as a framework for developing qPCR assays that could 

provide quantitative information on the sporangial density of P. cubensis in the field that 

could be applied in the overall management of CDM.  

Several studies have investigated the use of molecular tools to identify fungal spores 

in rainwater and airborne samples (Barnes et al., 2009; Isard et al., 2011; Choudhury et al., 

2016 and Choudhury et al., 2017). These studies have involved detecting urediniospores of 

the soybean rust pathogen in rainwater (Barnes et al., 2009) or detecting sporangia of spinach 

downy mildew pathogen in the air (Choudhury et al., 2016).  Similar assays have been 

developed to identify P. cubensis sporangia (Summers et al., 2015; Withers et al., 2016) or its 

sister species P. humuli (Gent et al., 2009). The study of Summers et al. (2015) developed 

assays based on a previously identified single nucleotide polymorphism in the cytochrome 

oxidase subunit II (cox2) gene to differentiate P. cubensis and P. humuli in air samples using 

spore traps but not to quantify sporangia of P. cubensis. The assay developed by Summers et 

al. (2009) utilized multiple copy primers that are not useful to quantify spore numbers in test 

samples. Withers et al. (2015) developed diagnostic assays for P. cubensis using next 

generation sequencing but the markers developed in that study have not been adapted and 

optimized for PCR to quantify sporangia of P. cubensis. In the present study, single copy 

primers were developed to quantify the number of sporangia of P. cubensis. These primers 



 

157 

were also could be useful under field conditions when validating forecast systems that predict 

the risk of CDM outbreak based on sporangia deposition.   

 PCR-based assays have been used to monitor airborne inoculum to facilitate detection 

and quantification of clinical pathogens and allergens (Zeng et al., 2006) and monitor 

airborne plant pathogens (Falacy et al., 2007; West et al., 2008). However, application of 

PCR based technologies for detecting inoculum in air samples has not been adopted at the 

farm-scale, in part because of the expense and inefficiency of the spore traps and 

technologies used previously. Development of a species-specific qPCR assay for P. cubensis 

could facilitate quantification of inoculum for a variety of applications. Quantification of 

spores from primers targeting single copy regions result in a 1:1 ratio of amplification of 

sporangia to primer and thus, Ct values would be significantly higher than assays that 

amplify multiple copies per spore, as more cycles are required to achieve florescence 

(Belbahri et al., 2008; Martin, 1990). While the assay developed in this study was able to 

quantify sporangia extracted from samples of highly concentrated sporangia, low or diluted 

concentrations of sporangia in rainwater were not amplified successfully. It is highly likely 

that the sporangia numbers in the rainwater sample were below the threshold that could result 

in a positive detection of P. cubensis. As such, samples were scored as presence or absence 

rather than based on quantitative information of sporangia.  

While quantitative information on the number of sporangia of P. cubensis would be 

most informative, knowledge of the presence or absence of sporangia is still appropriate for 

initiating control measures early in the season. Information on simple presence of sporangia 

is likely to overestimate disease risk (type I error) and would tend to result in more liberal 
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recommendations for the need for disease control measures (less type II errors). In general, 

growers are risk averse (Madden et al., 2007), and thus, knowledge of sporangia presence or 

absence would tend to decrease the more serious type II error of not applying a control 

measure when it is warranted. Nonetheless, subsequent studies need to be conducted to 

further develop and refine the assays developed in the present study to facilitate their use to 

quantify sporangia of P. cubensis. Once developed, the assays could be used to monitor the 

presence of P. cubensis in representative disease monitoring (or sentinel) plots to issue early 

season disease risk warnings on a regional basis. Knowledge on the number of sporangia of 

P. cubensis that result in disease symptoms should greatly facilitate the use of these assays as 

part of a decision support systems for CDM.      
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Table A1. Identity and origin of Pseudoperonospora cubensis and closely related oomycetes used to determine specificity of 

PCR primers designed to amplify single copy regions of the cucurbit downy mildew pathogen. 

Oomycete Designation Host Common name State County 

Pseudoperonospora cubensis 07B1 Cucumis melo Cantaloupe North Carolina Sampson 

Pseudoperonospora cubensis 05F1 Cucurbita pepo Acorn squash North Carolina Johnston 

Pseudoperonospora cubensis 08A1 Cucumis sativus Cucumber California Salinas 

Pseudoperonospora cubensis 2013A2 Cucumis sativus Cucumber Florida Collier 

Pseudoperonospora cubensis 2013A1 Cucumis sativus Cucumber Florida Miami-Dade 

Pseudoperonospora cubensis 2014A20 Cucumis sativus Cucumber New Jersey Melrose 

Pseudoperonospora cubensis 2013D1 Cucurbita moschata  Butternut squash Florida - 

Pseudoperonospora cubensis 35a Cucurbita pepo Pumpkin New York - 

Pseudoperonospora cubensis 2013E1 Citrullus lanatus Watermelon Florida - 

Pseudoperonospora humuli HDM457E Humulus lupulus Hop Oregon - 

Peronospora belbahrii - Ocimum basilicum Basil North Carolina - 

Peronospora tabicina BPTS Nicotiana tabacum Tobacco North Carolina - 

Peronospora tabicina 123392 Nicotiana tabacum Tobacco Guatemala  - 

Peronospora tabicina GA99-2  Nicotiana tabacum Tobacco Georgia - 

Peronospora tabicina KY79 Nicotiana tabacum Tobacco Kentucky - 

Phytophthora infestans TNFL-2 L. esculentum Tomato Tennessee Sevier 

Phytophthora infestans ND1618 Solanum tuberosum Potato North Dakota Grand Forks 
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Table A2. Initial single copy primers and amplicon sizes tested for their specificity to identify Pseudoperonospora cubensis 

using conventional PCR.  
 

Primer 

 

Location 

 

Forward (5’-3’) 

 

Reverse (5’-3’) 

Product  

size (bp) 

 

Amplicon
a
 

UFP Ubiquitin family 

protein 

GGCATACAGCAGATTCAGCA CTACTGCTTCCTCCAGCCAC 419 + 

M39 Mitochondrial 39-S 

ribosomal protein 

GTCTCTTCGGTGGTCTACGC TAAATCTTGCTGCGTTCGTG 367 +
b
 

SEC SEC-C motif 

domain protein 

AGCCGATCTTCATCGTCAGT GTCAGCAGGAAGGACCACAT 466 ‒ 

H1 Histone H1  CATGAGCAACGGTAATGGTG CACTTCCTTCTTCAGGGCAG 325 ‒ 

EUP E3 ubiquitin-

protein ligase 

AGCGACTTTGAGGGAGAACA GCTTGCATTCTCACGTTTCA 454 + 

C Cytoskeleton-

associated protein 

CCCCAAGTTGTGTGAGGACT CTTGTGGACCATACGCCTTT 317 +
 b
 

MCF Mitochondrial 

Carrier (MC) 

family 

GCACCATTTGAGAGAGCACA CCATGACAACAGAGAGCGAA 459 ‒ 

K Kaptin (actin 

binding protein) 

CCAGTGCTGTTATTGAGCGA CAGCCTTGGTCTTTCTCTGG 424 +
 b
 

M Myosin GTGCAGAAAAACACGAGCAA CCCTCGAATCAACCGATAAA 481 + 

SIP Sporangia induced 

predicted protein 

GCTATTGCAGCTACAAGCCC CTGAAGGTCCAGTAGCTGCC 439 + 

TBC Tubulin binding 

cofactor C 

GCGTATTACCTGGCATTCGT GTTGTCTCCTCTGGAGCAGG 494 + 

U Cytochrome o 

ubiquinol oxidase, 

subunit I 

TGGTGCAGATCTACGTGAGC GTAATCCACGTCCTCGTCGT 368 + 

IMP Integral membrane 

protein 

CCTCGATCTTCCTGGTGCT ATAGAACAGGATGTTGCCGC 464 ‒ 

a
 ‘+’ denotes amplification for all isolates, while ‘‒’ denotes no amplification with P. cubensis isolates.   

b
 Denotes amplicons were sequenced and used to create qPCR primers. 



 

165 

Table A3. Sequence and fragment size of quantitative PCR primers and fluorescently-labeled 

probes developed to detect, quantify and normalize sporangia of Pseudoperonospora 

cubensis.  

 

Primer 

 

Type 

 

Sequence (5’-3’) 

Product 

size (bp) 

C1
 a
 Forward GGCACGTGTGACGGATAA  

C1 Reverse GGTTTCTTCTCCTGCTCCTG 107 

C1 Probe (6-FAM) ACTCTGCGAAGAACTGACAGATGCA 

(3BHQ_1) 

 

    
M2 Forward CGCCAAGATCAACAGCCTTA  

M2 Reverse GCAGGTCTTCAGTGCTCTTT 113 

M2 Probe (6-FAM) AGTGTGGGTTCCAAGCAGGTGA (3BHQ_1)  

    
K2 Forward GCCACGAACCTTTGGATAATG  

K2 Reverse CTTGCGTATGGAACATGCAC 96 

K2 Probe (6-FAM) AGTTTGAGCTACAAGCAGCACCCA 

(3BHQ_1) 

 

a 
Indicates primer selected for optimization. 
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Figure A1. Linear regression of mean cycle threshold values (Ct) against dilutions of 

Pseudoperonospora cubensis DNA corresponding. Data points represent the mean values 

and whiskers are standard deviations based on three technical replicates of each dilution.  

 


