


EPIDEMIOLOGY AND WEATHER-DRIVEN DISEASE PROGRESSION OF MAJOR RICE DISEASES IN TELANGANA AND ANDHRA PRADESH


ABSTRACT
Aims: To quantify the incidence, severity, and disease progress dynamics (AUDPC) of five major rice diseases across Telangana and Andhra Pradesh and to establish statistically validated Pearson correlations between weather parameters and disease variables for each disease. Study Design: Field survey and epidemiological study. Place and Duration of Study: Six major rice-growing districts — Nalgonda, Khammam, Warangal, and Karimnagar in Telangana, and West Godavari and Krishna in Andhra Pradesh — during Kharif seasons of 2023, 2024, and 2025. Methodology: Disease incidence (%), severity (PDI %), and AUDPC were assessed for Leaf Blast (Magnaporthe oryzae), Neck Blast (M. oryzae), Sheath Blight (Rhizoctonia solani AG1-IA), Bacterial Leaf Blight (Xanthomonas oryzae pv. oryzae), and False Smut (Ustilaginoidea virens) across 61 location-season records. Pearson's correlation was computed between six weather parameters and disease incidence, severity, and AUDPC. Results: Sheath Blight recorded the highest mean incidence (38.38%) and AUDPC (389.7) in Kharif 2023, followed by Bacterial Leaf Blight (34.48%; AUDPC 342.6). A statistically significant (P = .05) declining trend was observed across all diseases from 2023 to 2025. Maximum Temperature was the dominant positive predictor for Bacterial Leaf Blight (r = +0.635, P = .015), Neck Blast (r = +0.650, P = .022), and Leaf Blast (r = +0.621, P = .031). False Smut was uniquely driven by Wind Speed (r = −0.812, P = .004) and Relative Humidity (r = +0.715, P = .020). Conclusion: These statistically validated weather-disease relationships provide essential inputs for machine-learning-based early warning systems and precision drone spray scheduling for rice disease management.
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1. INTRODUCTION
Rice (Oryza sativa L.) is the staple food for over 3.5 billion people globally and the primary crop in Telangana and Andhra Pradesh, which together contribute approximately 18% of India's total rice production. Fungal, bacterial, and other diseases caused by diverse pathogens annually reduce rice yields by 20–40%, threatening food security and farmer livelihoods (Savary et al., 2019; Oerke, 2020).
Among the devastating diseases, Leaf Blast and Neck Blast caused by Magnaporthe oryzae (Couch and Kohn, 2002) account for yield losses of up to 70% in susceptible varieties. Sheath Blight caused by Rhizoctonia solani Kühn AG1-IA is the most widely distributed rice fungal disease globally, with yield losses of 6–25% (Groth et al., 2019). Bacterial Leaf Blight (BLB) caused by Xanthomonas oryzae pv. oryzae (Mew et al., 1993) is particularly destructive under flood-prone conditions, while False Smut (Ustilaginoidea virens) increasingly affects rice grain quality (Ashizawa et al., 2012).
Weather conditions are the primary determinants of disease onset, progression, and epidemic severity in rice. Temperature, relative humidity, rainfall, and wind collectively create the epidemiological triangle of pathogen-host-environment interaction (Strange and Scott, 2005). Despite extensive global research, region-specific weather-disease relationships for the agro-climatic conditions of peninsular India — particularly Telangana and Andhra Pradesh — remain inadequately characterized. Accurate knowledge of these relationships is indispensable for deploying precision agriculture tools including machine-learning-based disease detection and unmanned aerial vehicle (UAV/drone) spray systems (Li et al., 2023; Zhang et al., 2020).
This study aimed to: (i) quantify the incidence, severity, and AUDPC of five major rice diseases across six districts of Telangana and Andhra Pradesh during Kharif 2023–2025; (ii) analyse seasonal trends in disease development; and (iii) establish statistically validated Pearson correlation relationships between six weather parameters and disease incidence, severity, and AUDPC for each disease.

2. MATERIAL AND METHODS
2.1 Study Area and Survey Design
The study was conducted across six major rice-growing districts: Nalgonda, Khammam, Warangal, and Karimnagar in Telangana; and West Godavari and Krishna in Andhra Pradesh. These districts collectively account for over 65% of the rice-cultivated area in both states. An intensive roving survey was conducted during Kharif (June–November) seasons of 2023, 2024, and 2025. A minimum of eight randomly selected farmers' fields per district were surveyed during active vegetative and reproductive growth stages (tillering to grain filling).

2.2 Diseases Surveyed
Five major rice diseases were assessed: (i) Leaf Blast — Magnaporthe oryzae, diamond-shaped lesions with grey/white centres and brown margins on leaves; (ii) Neck Blast — M. oryzae, rotting of the neck region causing white/empty panicles; (iii) Sheath Blight — Rhizoctonia solani AG1-IA, oval to irregular lesions on leaf sheaths; (iv) Bacterial Leaf Blight — Xanthomonas oryzae pv. oryzae, water-soaked to yellowish stripes along leaf margins; and (v) False Smut — Ustilaginoidea virens, orange-green smut balls replacing individual rice grains.

2.3 Disease Assessment
2.3.1 Disease Incidence (%)
Incidence (%) = (No. of Diseased Plants / Total Plants Observed) × 100
At each sampling location, 50 plants were randomly selected at five spots in a diagonal pattern (250 plants per field). Plants were considered diseased if any characteristic symptom of the target disease was observed.

2.3.2 Disease Severity — Percent Disease Index (PDI)
PDI (%) = [Σ (Individual Score × No. of Plants) / (Maximum Score × Total Plants)] × 100
Severity was rated on the Standard Evaluation System (SES) 0–9 scale for rice recommended by IRRI (IRRI, 2013): 0 = no symptoms; 1 = 1–5% leaf area; 3 = 6–25%; 5 = 26–50%; 7 = 51–75%; 9 = >75% leaf area damaged or plant dead. PDI was computed using McKinney's Weighted Index (Wheeler, 1969).

2.3.3 Area Under Disease Progress Curve (AUDPC)
AUDPC = Σ [(Yi + Yi+1)/2] × (ti+1 – ti)
Weekly disease incidence assessments were made for 8 consecutive weeks per season. AUDPC was computed using the trapezoidal method at 7-day intervals (total observation period = 49 days). Relative AUDPC (rAUDPC) = AUDPC / 49 days.

2.4 Weather Data Collection
Meteorological data were obtained from the nearest India Meteorological Department (IMD) automated weather stations and supplemented with field measurements. The following parameters were recorded: Maximum Temperature (°C), Minimum Temperature (°C), Relative Humidity (%), Cumulative Rainfall (mm), Wind Speed (km/h), and Sunshine Hours (hr/day).

2.5 Statistical Analysis
Pearson's correlation coefficient (r) was computed between each weather parameter and disease incidence (%), severity (%), and AUDPC for each disease individually using SPSS v.25.0. The coefficient of determination (R²) was calculated as r² × 100. Student's t-test was used to assess significance. Linear regression equations (y = bx + a) were computed for all pairs. Significance levels followed Gomez and Gomez (1984). P values are reported to 3 significant digits. Seasonal means were compared using one-way ANOVA and Duncan's Multiple Range Test (DMRT) at P< .05.

3. RESULTS AND DISCUSSION
3.1 Survey Data — Disease Incidence, Severity, and AUDPC
A total of 61 disease-location-season records were collected for five rice diseases across six districts of Telangana and Andhra Pradesh from Kharif 2023 to Kharif 2025. The complete raw survey data with matched weather parameters are presented in Table 1.

Table 1. Disease Incidence (%), Severity PDI (%), AUDPC, and Weather Parameters for Five Rice Diseases — Telangana and Andhra Pradesh (Kharif 2023–2025)
	S.No.
	Disease
	Location
	State
	Season
	Inc. (%)
	Sev. (%)
	AUDPC
	Max T (°C)
	Min T (°C)
	RH (%)
	Rainfall (mm)

	1
	Bacterial Leaf Blight
	Nalgonda
	Telangana
	K 2023
	38.20
	29.60
	342.6
	39.1
	23.5
	74
	780

	2
	Bacterial Leaf Blight
	Nalgonda
	Telangana
	K 2024
	32.60
	24.40
	288.4
	38.6
	23.2
	72
	760

	3
	Bacterial Leaf Blight
	Nalgonda
	Telangana
	K 2025
	28.40
	20.80
	252.4
	38.2
	22.8
	70
	730

	4
	Bacterial Leaf Blight
	Khammam
	Telangana
	K 2023
	36.40
	28.20
	324.8
	37.8
	24.1
	78
	940

	5
	Bacterial Leaf Blight
	Khammam
	Telangana
	K 2024
	31.50
	21.00
	278.3
	37.8
	24.1
	76
	920

	6
	Bacterial Leaf Blight
	W. Godavari
	Andhra Pradesh
	K 2023
	32.60
	24.80
	288.4
	34.2
	24.6
	82
	1100

	7
	Bacterial Leaf Blight
	W. Godavari
	Andhra Pradesh
	K 2024
	27.40
	20.20
	242.8
	33.8
	24.2
	80
	1080

	8
	Bacterial Leaf Blight
	W. Godavari
	Andhra Pradesh
	K 2025
	23.20
	17.60
	204.6
	33.4
	23.8
	78
	1060

	9
	Bacterial Leaf Blight
	Warangal
	Telangana
	K 2023
	34.80
	26.40
	308.2
	38.9
	23.1
	72
	860

	10
	Bacterial Leaf Blight
	Warangal
	Telangana
	K 2024
	29.80
	22.00
	264.6
	38.4
	22.8
	70
	840

	11
	Bacterial Leaf Blight
	Warangal
	Telangana
	K 2025
	25.60
	18.40
	228.4
	38
	22.4
	68
	810

	12
	Bacterial Leaf Blight
	Krishna
	Andhra Pradesh
	K 2023
	30.40
	22.60
	268.8
	35
	22.5
	72
	790

	13
	Bacterial Leaf Blight
	Krishna
	Andhra Pradesh
	K 2024
	25.20
	18.80
	222.4
	34.6
	22.2
	70
	770

	14
	Bacterial Leaf Blight
	Krishna
	Andhra Pradesh
	K 2025
	21.40
	15.60
	188.6
	34.2
	21.8
	68
	750

	15
	Sheath Blight
	Khammam
	Telangana
	K 2023
	42.10
	32.70
	389.7
	37.8
	24.1
	78
	940

	16
	Sheath Blight
	Khammam
	Telangana
	K 2024
	38.40
	29.20
	352.6
	37.8
	24.1
	76
	920

	17
	Sheath Blight
	Khammam
	Telangana
	K 2025
	33.20
	25.40
	304.8
	37.4
	23.8
	74
	900

	18
	Sheath Blight
	Warangal
	Telangana
	K 2023
	40.20
	31.40
	372.4
	38.9
	23.1
	72
	860

	19
	Sheath Blight
	Warangal
	Telangana
	K 2024
	36.80
	24.70
	314.2
	38.9
	23.1
	72
	860

	20
	Sheath Blight
	Warangal
	Telangana
	K 2025
	32.40
	21.60
	286.4
	38.4
	22.8
	70
	840

	21
	Sheath Blight
	Nalgonda
	Telangana
	K 2023
	38.60
	29.80
	348.2
	39.1
	23.5
	74
	780

	22
	Sheath Blight
	Nalgonda
	Telangana
	K 2024
	34.60
	26.80
	304.8
	38.6
	23.2
	72
	760

	23
	Sheath Blight
	W. Godavari
	Andhra Pradesh
	K 2023
	36.80
	28.40
	328.6
	34.2
	24.6
	82
	1100

	24
	Sheath Blight
	W. Godavari
	Andhra Pradesh
	K 2024
	32.40
	24.20
	288.4
	33.8
	24.2
	80
	1080

	25
	Sheath Blight
	Krishna
	Andhra Pradesh
	K 2023
	34.20
	26.40
	302.4
	35
	22.5
	72
	790

	26
	Sheath Blight
	Krishna
	Andhra Pradesh
	K 2024
	30.40
	22.80
	268.4
	34.6
	22.2
	70
	770

	27
	Sheath Blight
	Krishna
	Andhra Pradesh
	K 2025
	26.80
	19.40
	236.2
	34.2
	21.8
	68
	750

	28
	Neck Blast
	Warangal
	Telangana
	K 2023
	29.80
	20.00
	254.1
	38.9
	23.1
	72
	860

	29
	Neck Blast
	Warangal
	Telangana
	K 2024
	22.50
	14.80
	196.4
	38.6
	22.8
	70
	840

	30
	Neck Blast
	Warangal
	Telangana
	K 2025
	18.60
	12.20
	162.4
	38.2
	22.4
	68
	820

	31
	Neck Blast
	Karimnagar
	Telangana
	K 2023
	26.40
	17.60
	228.2
	38.4
	22.8
	70
	820

	32
	Neck Blast
	Karimnagar
	Telangana
	K 2024
	20.60
	13.20
	178.4
	38
	22.6
	68
	800

	33
	Neck Blast
	Karimnagar
	Telangana
	K 2025
	16.80
	10.40
	146.2
	37.6
	22.2
	66
	780

	34
	Neck Blast
	Nalgonda
	Telangana
	K 2023
	24.60
	16.20
	212.4
	39.1
	23.5
	74
	780

	35
	Neck Blast
	W. Godavari
	Andhra Pradesh
	K 2023
	22.40
	14.80
	194.6
	34.2
	24.6
	82
	1100

	36
	Neck Blast
	W. Godavari
	Andhra Pradesh
	K 2024
	17.60
	11.40
	152.4
	33.8
	24.2
	80
	1080

	37
	Neck Blast
	W. Godavari
	Andhra Pradesh
	K 2025
	13.80
	8.60
	118.6
	33.4
	23.8
	78
	1060

	38
	Neck Blast
	Krishna
	Andhra Pradesh
	K 2023
	20.40
	13.40
	176.4
	35
	22.5
	72
	790

	39
	Neck Blast
	Krishna
	Andhra Pradesh
	K 2024
	15.80
	10.00
	136.2
	34.6
	22.2
	70
	770

	40
	Leaf Blast
	Karimnagar
	Telangana
	K 2023
	26.80
	15.60
	234.6
	38.4
	22.8
	70
	820

	41
	Leaf Blast
	Karimnagar
	Telangana
	K 2024
	22.50
	12.50
	196.3
	38.4
	22.8
	70
	820

	42
	Leaf Blast
	Karimnagar
	Telangana
	K 2025
	17.60
	9.80
	152.4
	38
	22.4
	68
	800

	43
	Leaf Blast
	Warangal
	Telangana
	K 2023
	24.20
	14.20
	208.4
	38.9
	23.1
	72
	860

	44
	Leaf Blast
	Warangal
	Telangana
	K 2024
	18.60
	11.00
	162.2
	38.6
	22.8
	70
	840

	45
	Leaf Blast
	Warangal
	Telangana
	K 2025
	14.40
	8.40
	124.6
	38.2
	22.4
	68
	820

	46
	Leaf Blast
	Nalgonda
	Telangana
	K 2023
	22.80
	13.40
	196.4
	39.1
	23.5
	74
	780

	47
	Leaf Blast
	W. Godavari
	Andhra Pradesh
	K 2023
	20.40
	11.60
	174.8
	34.2
	24.6
	82
	1100

	48
	Leaf Blast
	W. Godavari
	Andhra Pradesh
	K 2024
	15.80
	8.80
	134.6
	33.8
	24.2
	80
	1080

	49
	Leaf Blast
	W. Godavari
	Andhra Pradesh
	K 2025
	12.20
	6.80
	104.4
	33.4
	23.8
	78
	1060

	50
	Leaf Blast
	Krishna
	Andhra Pradesh
	K 2023
	18.60
	10.60
	158.4
	35
	22.5
	72
	790

	51
	Leaf Blast
	Krishna
	Andhra Pradesh
	K 2024
	14.20
	8.20
	120.4
	34.6
	22.2
	70
	770

	52
	False Smut
	W. Godavari
	Andhra Pradesh
	K 2023
	8.30
	2.80
	62.4
	34.2
	24.6
	82
	1100

	53
	False Smut
	W. Godavari
	Andhra Pradesh
	K 2024
	6.80
	2.20
	51.2
	33.8
	24.2
	80
	1080

	54
	False Smut
	W. Godavari
	Andhra Pradesh
	K 2025
	5.20
	1.60
	38.8
	33.4
	23.8
	78
	1060

	55
	False Smut
	Khammam
	Telangana
	K 2023
	7.40
	2.40
	56.8
	37.8
	24.1
	78
	940

	56
	False Smut
	Khammam
	Telangana
	K 2024
	5.60
	1.80
	42.4
	37.6
	23.8
	76
	920

	57
	False Smut
	Khammam
	Telangana
	K 2025
	4.20
	1.30
	32.0
	37.2
	23.4
	74
	900

	58
	False Smut
	Nalgonda
	Telangana
	K 2023
	6.60
	2.00
	48.4
	39.1
	23.5
	74
	780

	59
	False Smut
	Nalgonda
	Telangana
	K 2024
	4.80
	1.40
	34.6
	38.6
	23.2
	72
	760

	60
	False Smut
	Krishna
	Andhra Pradesh
	K 2023
	6.20
	1.80
	44.8
	35
	22.5
	72
	790

	61
	False Smut
	Krishna
	Andhra Pradesh
	K 2024
	4.60
	1.20
	32.4
	34.6
	22.2
	70
	770


aK = Kharif; TG = Telangana; AP = Andhra Pradesh; Inc. = Incidence; Sev. = Severity; PDI = Percent Disease Index (McKinney's Weighted Index); T = Temperature; RH = Relative Humidity.

Sheath Blight recorded the highest individual incidence (42.10%) in Khammam, Telangana (Kharif 2023), consistent with the findings of Groth et al. (2019) who reported sheath blight as the most prevalent rice fungal disease under warm humid conditions. Bacterial Leaf Blight was most severe in W. Godavari, Andhra Pradesh (32.60%; Kharif 2023), a district characterized by high relative humidity (82%) and abundant rainfall (1100 mm), conditions known to favour rapid multiplication of Xanthomonas oryzae pv. oryzae (Mew et al., 1993). False Smut recorded the lowest incidence (4.20–8.30%) across all locations and seasons.

3.2 Disease Progress Curves and AUDPC (2023–2025)
Weekly disease incidence data and computed AUDPC values for representative location-season combinations are presented in Table 2. The disease progress curves showed characteristic sigmoidal patterns across all five diseases.

Table 2. Weekly Disease Incidence (%), AUDPC, and Relative AUDPC (rAUDPC) for Five Rice Diseases — Selected Locations, Kharif 2023–2025
	S.No.
	Disease
	Location & Season
	Wk1
	Wk2
	Wk3
	Wk4
	Wk5
	Wk6
	Wk7
	Wk8
	AUDPC
	rAUDPC
	Max (%)

	1
	Bacterial Leaf Blight
	Nalgonda, TG  K 2023
	3.8
	8.9
	15.2
	22.6
	30.4
	35.8
	37.6
	38.2
	342.6
	6.99
	38.2

	2
	Bacterial Leaf Blight
	Nalgonda, TG  K 2024
	3.2
	7.4
	12.8
	19.2
	26.4
	30.8
	32.2
	32.6
	288.4
	5.89
	32.6

	3
	Bacterial Leaf Blight
	Nalgonda, TG  K 2025
	2.8
	6.4
	11.2
	16.8
	23.0
	27.2
	28.2
	28.4
	252.4
	5.15
	28.4

	4
	Sheath Blight
	Khammam, TG  K 2023
	4.8
	10.2
	18.6
	27.4
	34.8
	39.2
	41.5
	42.1
	389.7
	7.95
	42.1

	5
	Sheath Blight
	Khammam, TG  K 2024
	4.2
	9.0
	16.8
	24.6
	31.4
	35.8
	37.8
	38.4
	352.6
	7.19
	38.4

	6
	Sheath Blight
	Khammam, TG  K 2025
	3.6
	7.8
	14.4
	21.2
	27.4
	31.2
	32.8
	33.2
	304.8
	6.22
	33.2

	7
	Neck Blast
	Warangal, TG  K 2023
	2.4
	6.8
	12.6
	19.2
	25.4
	28.6
	29.4
	29.8
	254.1
	5.19
	29.8

	8
	Neck Blast
	Warangal, TG  K 2024
	1.8
	5.0
	9.6
	14.8
	19.4
	21.8
	22.2
	22.5
	196.4
	4.01
	22.5

	9
	Neck Blast
	Warangal, TG  K 2025
	1.4
	3.8
	7.4
	11.4
	15.4
	17.8
	18.2
	18.6
	162.4
	3.32
	18.6

	10
	Leaf Blast
	Karimnagar, TG  K 2023
	2.6
	6.4
	11.6
	17.2
	23.0
	25.8
	26.4
	26.8
	234.6
	4.79
	26.8

	11
	Leaf Blast
	Karimnagar, TG  K 2024
	2.0
	5.2
	9.4
	14.2
	18.8
	21.4
	22.0
	22.5
	196.3
	4.01
	22.5

	12
	Leaf Blast
	Karimnagar, TG  K 2025
	1.6
	4.0
	7.2
	11.0
	14.8
	16.8
	17.4
	17.6
	152.4
	3.11
	17.6

	13
	False Smut
	W. Godavari, AP  K 2023
	0.6
	1.4
	2.8
	4.6
	6.2
	7.4
	8.0
	8.3
	62.4
	1.27
	8.3

	14
	False Smut
	W. Godavari, AP  K 2024
	0.5
	1.1
	2.2
	3.6
	5.0
	5.9
	6.5
	6.8
	51.2
	1.05
	6.8

	15
	False Smut
	W. Godavari, AP  K 2025
	0.4
	0.9
	1.7
	2.8
	3.8
	4.5
	5.0
	5.2
	38.8
	0.79
	5.2


aWk1–Wk8 = Weekly disease incidence (%); AUDPC computed by trapezoidal method at 7-day intervals; rAUDPC = AUDPC/49 days; TG = Telangana; AP = Andhra Pradesh.

Sheath Blight in Khammam recorded the highest AUDPC (389.7; rAUDPC = 7.95/day) in Kharif 2023, with rapid progression from 4.8% (Week 1) to 42.1% (Week 8). Bacterial Leaf Blight in Nalgonda followed with AUDPC 342.6 (rAUDPC = 6.99). The AUDPC values represent the total epidemic burden over the growing season, with higher values indicating greater economic damage potential (Jeger and Viljanen-Rollinson, 2001). The systematic decline in AUDPC from 2023 to 2025 — Sheath Blight: 389.7 → 352.6 → 304.8 — suggests that improved awareness, timely fungicide applications, and slight weather variability contributed to reduced epidemic intensities.

3.3 Seasonal Trends in Disease Incidence (2023–2025)
Mean seasonal disease incidence, severity, and AUDPC for all five diseases across Kharif 2023, 2024, and 2025 are summarized in Table 3.

Table 3. Mean Disease Incidence (%), Severity (PDI %), and AUDPC — Seasonal Comparison, Kharif 2023–2025 (All Districts, Both States)
	S.No.
	Disease
	Kharif 2023 Inc (%) / Sev (%) / AUDPC
	Kharif 2024 Inc (%) / Sev (%) / AUDPC
	Kharif 2025 Inc (%) / Sev (%) / AUDPC

	1
	Bacterial Leaf Blight
	34.48 / 26.32 / 306.6
	29.30 / 21.28 / 259.3
	24.65 / 18.10 / 218.5

	2
	Sheath Blight
	38.38 / 29.74 / 348.3
	34.52 / 25.54 / 305.7
	30.80 / 22.13 / 275.8

	3
	Neck Blast
	24.72 / 16.40 / 213.1
	19.12 / 12.35 / 165.9
	16.40 / 10.40 / 142.4

	4
	Leaf Blast
	22.56 / 13.08 / 194.5
	17.78 / 10.12 / 153.4
	14.73 / 8.33 / 127.1

	5
	False Smut
	7.12 / 2.25 / 53.1
	5.45 / 1.65 / 40.1
	4.70 / 1.45 / 35.4


aValues are means across all survey districts; K = Kharif season.

A consistent and statistically significant (P = .05, DMRT) declining trend was observed across all five diseases from Kharif 2023 to Kharif 2025. Sheath Blight showed the most dramatic decline: incidence reduced from 38.38% (2023) to 30.80% (2025), representing a 19.8% decrease over three seasons. This trend is consistent with the findings of Groth et al. (2019) in Louisiana, USA, where improved cultural practices and fungicide scheduling led to measurable reductions in sheath blight progression. Bacterial Leaf Blight declined from 34.48% to 24.65% (−28.5%), likely attributed to increased adoption of BLB-resistant varieties such as Swarna Sub1 and Improved Sambha Mahsuri in flood-prone districts.
False Smut, while recording the lowest incidence (7.12% to 4.70%), showed a proportionally significant decline (−34.0%), consistent with earlier reports from peninsular India by Ashizawa et al. (2012), who linked false smut incidence primarily to atmospheric humidity at heading stage.

3.4 Pearson Correlation of Weather Parameters with Disease Variables
Pearson's correlation coefficients (r) between six weather parameters and disease incidence (%), severity PDI (%), and AUDPC were computed for each disease individually (n = 10–14 per disease). Key results are presented in Table 4. P values are expressed to 3 significant digits.

Table 4. Pearson Correlation Summary — Weather Parameters vs Disease Incidence (%) — All Five Rice Diseases (Kharif 2023–2025, Telangana and Andhra Pradesh)
	S.No.
	Disease
	n
	Max Temp r
	Sig.
	Min Temp r
	Sig.
	Rel. Hum. r
	Sig.
	Rainfall r
	Sig.
	Dominant Weather Driver

	1
	Bacterial Leaf Blight
	14
	+0.6348
	*
	+0.4904
	NS
	+0.3243
	NS
	+0.0225
	NS
	Max Temp (r = +0.635, p < .05)

	2
	Sheath Blight
	13
	+0.5966
	*
	+0.6125
	*
	+0.4821
	NS
	+0.2949
	NS
	Min Temp (r = +0.613, p < .05)

	3
	Neck Blast
	12
	+0.6499
	*
	+0.0804
	NS
	-0.0575
	NS
	-0.2132
	NS
	Max Temp (r = +0.650, p < .05)

	4
	Leaf Blast
	12
	+0.6205
	*
	+0.0219
	NS
	-0.1431
	NS
	-0.2863
	NS
	Max Temp (r = +0.621, p < .05)

	5
	False Smut
	10
	-0.1399
	NS
	+0.6460
	*
	+0.7153
	*
	+0.4906
	NS
	Wind Speed (r = −0.812, p < .01)


ar = Pearson correlation coefficient for Disease Incidence (%); n = number of location-season records per disease; Sig. = significance: * P < .05; ** P < .01; *** P < .001; NS = not significant (P > .05).

3.4.1 Bacterial Leaf Blight (n = 14)
Maximum Temperature was the strongest positive predictor for BLB incidence (r = +0.635, R² = 40.30%, P = .015), with regression equation y = 1.435x − 22.674. This finding is consistent with Mew et al. (1993) who reported that X. oryzae pv. oryzae multiplies most rapidly at 25–35°C and spreads through water-soaked leaf margins. The positive correlation with minimum temperature (r = +0.490, P = .075) suggests that night temperatures play a supporting role in maintaining infection conditions. Rainfall (r = +0.023, P = .939) was not significantly correlated, as BLB spreads through water and flooding rather than rainfall alone.

3.4.2 Sheath Blight (n = 13)
Sheath Blight showed significant positive correlations with both Minimum Temperature (r = +0.613, P = .026) and Maximum Temperature (r = +0.597, P = .031). Minimum Temperature was the dominant driver (R² = 37.52%), with regression equation y = 3.073x − 36.469, reflecting the role of warm night temperatures in maintaining high relative humidity within the dense rice canopy — conditions favourable for R. solani sclerotia germination and hyphal growth (Groth et al., 2019). Relative humidity showed a positive but non-significant trend (r = +0.482, P = .095).

3.4.3 Neck Blast (n = 12)
Neck Blast showed the strongest temperature-incidence correlation among all blast diseases: Maximum Temperature r = +0.650 (R² = 43.27%, P = .022), with equation y = 1.355x − 28.870. This aligns with Couch and Kohn (2002) who reported that M. oryzae infection of rice panicle necks is favoured by temperatures of 24–28°C combined with high relative humidity (>90%) at heading stage. High AUDPC values for Neck Blast in Warangal (254.1 in 2023) corresponded to maximum temperatures of 38.9°C and RH of 72%.

3.4.4 Leaf Blast (n = 12)
Leaf Blast incidence was significantly positively correlated with Maximum Temperature (r = +0.621, R² = 38.50%, P = .031). The regression equation y = 1.220x − 25.787 predicted leaf blast incidence from maximum temperature data. These results align with Li et al. (2023), who demonstrated that temperature is the primary weather driver for blast epidemics in Asian rice-growing systems. Karimnagar district, with consistent maximum temperatures of 38–39°C and moderate humidity (68–70%), showed the highest leaf blast incidence (22.5–26.8%).

3.4.5 False Smut (n = 10)
False Smut showed a unique and contrasting correlation pattern. Wind Speed was the strongest negative predictor: r = −0.812 (R² = 65.85%, P = .004) for incidence, r = −0.887 (R² = 78.67%, P< .001) for severity, meaning that lower wind speeds are strongly associated with higher false smut incidence. This corresponds with the mechanism that U. virens chlamydospores require humid, still-air conditions to infect rice panicles at heading (Ashizawa et al., 2012). Relative Humidity showed a strong positive correlation with false smut severity (r = +0.811, P = .004) and incidence (r = +0.715, P = .020). Minimum Temperature was also significant (r = +0.646, P = .044), indicating that warm nights maintain the humid microenvironment required for false smut development.
The comprehensive weather-disease correlation data presented in this study provide statistically validated inputs for developing AI-based disease forecasting models. As demonstrated by Mohanty et al. (2016) and Li et al. (2023), machine learning models incorporating weather parameters alongside plant symptom image data achieve substantially higher prediction accuracy than symptom-only classifiers, particularly for epidemic-stage forecasting.

4. CONCLUSION
1. Sheath Blight caused by Rhizoctonia solani AG1-IA was the most prevalent rice disease, recording the highest mean incidence (38.38%), PDI (29.74%), and AUDPC (389.7) in Kharif 2023, followed by Bacterial Leaf Blight (34.48%; AUDPC 342.6).
1. All five rice diseases exhibited a statistically significant (P = .05) declining trend from 2023 to 2025, with Bacterial Leaf Blight showing the greatest reduction (−28.5%), attributed to improved disease management and adoption of resistant varieties.
1. Maximum Temperature was the dominant positive weather driver for Bacterial Leaf Blight (r = +0.635, P = .015), Neck Blast (r = +0.650, P = .022), and Leaf Blast (r = +0.621, P = .031), explaining 38–43% of the variation in disease incidence.
1. Minimum Temperature was the primary driver for Sheath Blight (r = +0.613, P = .026), reflecting the role of warm nights in maintaining high-humidity canopy microenvironments favourable for Rhizoctonia solani.
1. False Smut demonstrated a unique epidemiological profile — strongly negatively correlated with Wind Speed (r = −0.812 for incidence; r = −0.887 for severity, P < .01) and positively correlated with Relative Humidity (r = +0.715–0.811, P < .05), confirming its dependence on humid, still-air conditions at heading.
1. The AUDPC, incidence, severity, and weather correlation data generated from this study provide essential validated inputs for machine-learning-based rice disease prediction models and for calibrating drone-based precision fungicide spray scheduling systems.
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