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14 Abstract

15 Bactrocera dorsalis (Hendel) is the most economically important invasive fruit fly in sub-Saharan 

16 Africa, yet long-term empirical evidence linking its seasonal dynamics to environmental drivers 

17 across altitudinal gradients remains limited. We analysed 279 site-month observations of male trap 

18 catches (flies per trap per day, FTD) collected between October 2004 and February 2012 at six 

19 sites spanning 526–1,650 m above sea level along the Uluguru Mountain transect in Morogoro, 

20 Tanzania. Climatic variables (temperature, rainfall, relative humidity) were obtained from ERA5 

21 reanalysis, and host fruit phenology was characterised for key commercial species. Abundance 

22 declined sharply with altitude, with mean FTD decreasing from 87.1 at the lowland site (SUA, 526 

23 m) to 0.07 at the highest site (Nyandira, 1,650 m), where 55% of months recorded zero catches. 

24 Seasonal peaks occurred during the warm–wet period (November–April), but both their magnitude 

25 and duration declined with altitude, with the high season shortening from seven months at SUA to 

26 three months at Nyandira. Seasonal patterns also became less predictable at higher elevations, with 

27 the coefficient of variation of peak abundance increasing from 0.54 to 1.38. Relative humidity 

28 showed the strongest association with FTD (Spearman ρ = 0.202, p = 0.0007), while temperature 

29 showed no significant overall relationship. Host fruit availability further shaped population 

30 dynamics, with ripening of jew plum, mango, and soursop associated with increased abundance, 

31 whereas citrus and loquat had minimal influence. Overall, B. dorsalis abundance along the gradient 

32 is primarily structured by altitude and host availability, with climate acting as a secondary, context-

33 dependent influence. These findings provide a clearer ecological basis for predicting pest pressure 

34 and improving management strategies across heterogeneous landscapes in East Africa.

35 Keywords: Bactrocera dorsalis, altitudinal gradient, seasonal dynamics, host phenology, 

36 population abundance, relative humidity, climatic drivers, tropical agroecosystems
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37

38 Introduction

39 Tephritid fruit flies (Diptera: Tephritidae) rank among the most economically damaging insect 

40 pests of horticultural crops worldwide, inflicting severe pre- and post-harvest losses and 

41 constraining international trade in fresh produce [1,2]. Within this family, the oriental fruit fly, 

42 Bactrocera dorsalis (Hendel), stands out as a destructive invasive species whose broad host range 

43 encompasses more than 400 fruit and vegetable species [3–5]. Originally native to continental 

44 South and South-East Asia, B. dorsalis was first detected on the African continent along the 

45 Kenyan coast in 2003 [6]. The African populations were initially described as a separate species, 

46 Bactrocera invadens Drew, Tsuruta & White [7], but integrative taxonomic analyses combining 

47 morphological, molecular, and cytogenetic evidence subsequently demonstrated conspecificity, 

48 leading to formal synonymisation under B. dorsalis [8,9].

49 Following its arrival in East Africa, B. dorsalis spread rapidly, and by 2020 it had been recorded 

50 in more than 35 sub-Saharan countries including Indian Ocean Island nations [10]. This invasion 

51 success has been attributed to a combination of favourable tropical climates, the availability of 

52 diverse cultivated and wild host plants, and the species’ competitive superiority over indigenous 

53 Ceratitis species [11,12]. In areas where B. dorsalis has established, crop losses in mango, citrus, 

54 guava, and other commercially important fruits routinely range from 30% to 80% if populations 

55 are left unmanaged [13–15], causing significant economic losses for smallholder farmers [16,17].

56 Across Africa, the spatial and temporal distribution of B. dorsalis is highly heterogeneous and 

57 strongly seasonal. Spatially, the species attains its highest densities in low- to mid-altitude 

58 agroecological zones characterised by warm temperatures and year-round host availability [1,18]. 
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59 Along altitudinal gradients in East Africa, population densities decline with increasing elevation, 

60 reflecting the combined effects of cooler temperatures, reduced host diversity, and changes in 

61 landscape composition [19–21]. Temporally, populations peak during warm, humid periods that 

62 coincide with the main host fruiting seasons, declining during cooler or drier months when 

63 developmental rates slow and host resources become scarce [13,22].

64 Predictive distribution and ecological niche-modelling studies indicate that large areas of Africa 

65 and other tropical and subtropical regions remain climatically suitable for the establishment of B. 

66 dorsalis [23], and phenology-based models suggest that warming temperatures may promote 

67 seasonal expansion and year-round persistence, increasing invasion risk in temperate fruit-growing 

68 regions under future climate scenarios [24,25]. Understanding how environmental drivers interact 

69 to shape population dynamics across heterogeneous landscapes is therefore essential for 

70 developing climate-sensitive surveillance and evidence-based integrated pest management (IPM) 

71 strategies.

72 Previous studies on the ecology of B. dorsalis in Tanzania documented its host utilisation, 

73 seasonality, competitive interactions with native fruit flies, and progressive dominance along an 

74 altitudinal transect in Morogoro [13,19,20,26]. However, these investigations were generally 

75 limited in temporal scope, typically spanning one to three years, and did not examine long-term 

76 population dynamics in relation to host fruit phenology, landscape-level host availability, and the 

77 full altitudinal gradient simultaneously. Long-term datasets are critical for distinguishing 

78 persistent ecological signals from short-term variability and for strengthening the evidence base 

79 on which surveillance and management decisions rest [1,10].

80 The present study addresses this gap by analysing B. dorsalis population dynamics over a seven-

81 year period (October 2004 to February 2012) across six trapping sites spanning 526 to 1,650 m 
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82 above sea level along the eastern slopes of the Uluguru Mountains, Morogoro Region, Tanzania. 

83 We hypothesised that: (i) abundance declines with increasing altitude, reflecting thermal 

84 constraints and reduced host availability; (ii) seasonal population peaks are stronger and longer at 

85 lower elevations; (iii) moisture-related climatic variables, particularly relative humidity, are more 

86 strongly associated with abundance than temperature alone; and (iv) the timing and availability of 

87 preferred host fruits contribute substantially to local population increases. By integrating long-

88 term trapping data with ERA5 climate reanalysis products, host fruit phenology records, and both 

89 parametric and machine learning analytical approaches, this study aims to provide a 

90 comprehensive ecological characterisation of B. dorsalis population dynamics along a tropical 

91 altitudinal gradient and to inform targeted, landscape-specific management strategies.

92 Methodology

93 Study area and agroecological zones

94 Monitoring of B. dorsalis was carried out in Morogoro Region, eastern–central Tanzania, along 

95 an altitudinal gradient on the eastern slopes of the Uluguru Mountains. Sites were selected to 

96 represent four agroecological zones following the classification systems described for the Eastern 

97 Arc Mountains [27,28]. This zonation reflects distinct changes in cropping systems, host plant 

98 composition, and climatic regimes along the transect.

99 Fig 1. 3D elevation surface around the six monitoring localities (SRTM DEM), highlighting the 

100 lowland–highland gradient. 

101 A preliminary analysis revealed a strong negative correlation between altitude and temperature 

102 (Spearman’s ρ = −0.79), consistent with the well-documented adiabatic lapse rate in tropical 

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


6

103 mountains. To reduce collinearity in subsequent analyses, agroecological zone was retained as a 

104 categorical landscape variable while preserving the ecological meaning of the altitudinal gradient 

105 [29].

106 The lowland agro-mosaic (below ~600 m a.s.l.) encompassed two sites: SUA (526 m) and Mlali 

107 (581 m), characterised by warm agricultural landscapes with diverse tropical fruit production, 

108 including citrus (Citrus sinensis (L.) Osbeck, C. limon (L.) Osbeck, C. reticulata Blanco), mango 

109 (Mangifera indica L.), guava (Psidium guajava L.), jew plum (Spondias cytherea Sonn.), and 

110 soursop (Annona muricata L.). The mid-elevation transition zone contained one site, Kibundi (843 

111 m), in a mixed smallholder landscape dominated by banana (Musa spp.), avocado (Persea 

112 americana Mill.), maize, and beans. The sub-montane farming zone included two sites: Langali 

113 (1,105 m) and Visada (1,302 m), where staple crops predominated and tropical fruit trees were 

114 relatively sparse. Finally, the montane agroforestry zone was represented by Nyandira (1,650 m), 

115 a cooler landscape dominated by temperate fruit crops such as apple (Malus domestica Borkh.), 

116 peach (Prunus persica (L.) Batsch), and plum (Prunus salicina Lindl.), often intercropped with 

117 coffee (Coffea canephora Pierre ex A. Froehner).

118

119 Sampling design and Trap deployment

120 Six monitoring sites, spanning approximately 500 to 1,650 m a.s.l., were established along the 

121 gradient. Monitoring commenced in October 2004 at the two altitudinal extremes, SUA (lowland) 

122 and Nyandira (montane), with routine monitoring at SUA beginning in October 2005 following an 

123 initial pilot phase. In October 2008, the network was expanded to include Mlali, Kibundi, Langali, 

124 and Visada, and all six sites were monitored continuously until February 2012.

This manuscript is a preprint and has not been peer reviewed. The copyright holder has made the manuscript available under a  Creative Commons Attribution 4.0 International
(CC BY) license and consented to have it forwarded to EarthArXiv for public posting.license EarthArXiv

http://creativecommons.org/licenses/by/4.0/
https://eartharxiv.org/


7

125 Adult male B. dorsalis were monitored using modified McPhail traps baited with methyl eugenol 

126 (ME; Scentry Cie, Billings, MT, USA), a highly effective male-specific parapheromone widely 

127 used in tephritid surveillance programmes [31,32]. Methyl eugenol attracts B. dorsalis from the 

128 surrounding landscape, thereby enabling sampling at a broader spatial scale. Traps were fitted with 

129 dichlorvos (DDVP) strips as a killing agent and suspended approximately 2 m above ground level 

130 within the host tree canopy. Across all sites, inter-trap spacing was maintained at a minimum of 

131 1,000 m to ensure spatial independence of catches.

132 At SUA, traps were initially placed in mango (cv. Dodo), citrus (cv. Sweet Seedling), and guava 

133 trees, later expanded to five traps with additional placements in mango (cv. Sindano Nyeusi) and 

134 citrus (cv. Tahiti lime). At Nyandira, traps were installed in peach and plum trees. At the four 

135 intermediate sites, three replicate traps per site were placed predominantly in mango trees. After 

136 each sampling event, traps were randomly repositioned within the sampling area to minimise 

137 location bias. Lure plugs and DDVP strips were replaced at approximately monthly intervals to 

138 maintain trapping efficiency.

139 Sampling procedures followed established protocols for tephritid monitoring in East Africa [13,19]. 

140 Collected specimens were transported to the SUA Entomology Laboratory, where they were sorted 

141 and identified using standard morphological keys [2,34] and confirmed with the integrative 

142 diagnostic tools of Virgilio et al. [33]. Specimens previously identified as Bactrocera invadens 

143 were treated as B. dorsalis following formal synonymisation based on integrative taxonomic 

144 evidence [8,9].
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145 Fruit phenology data

146 Phenological data for major host fruit species were obtained from the systematic weekly 

147 observations of Shechambo [30], conducted at the SUA Horticultural Unit. Representative host 

148 species selected for analysis included mango, citrus, guava, soursop, loquat (Eriobotrya japonica 

149 (Thunb.) Lindl.), jew plum, and strawberry guava (Psidium cattleianum Sabine). These species 

150 were chosen on the basis of their documented high incidence and infestation rates for B. dorsalis 

151 in the study area [19,20,26].

152 Phenological stages recorded included flowering, fruit set, immature fruit, mature fruit, and ripe 

153 fruit. For subsequent analyses, periods of host fruit availability (i.e., presence of mature and ripe 

154 fruit) were coded as binary indicators for each host species and calendar month (S1 Fig).

155 Weather data collection

156 Monthly climatic variables; mean air temperature (°C), total rainfall (mm), and mean relative 

157 humidity (%) were compiled for each monitoring site. At SUA, primary data were obtained from 

158 the Tanzania Meteorological Authority (TMA) and supplemented with on-site temperature records 

159 from iButton data loggers. At Nyandira, temperature was recorded with iButton loggers, while 

160 rainfall data were derived from gridded climate products.

161 To ensure temporal continuity across all sites and fill observational gaps, additional climatic data 

162 were extracted from the ERA5 global reanalysis [36], accessed via Google Earth Engine [37]. Site-

163 level baseline climate was further characterised using bioclimatic variables (bio01–bio19) from 

164 WorldClim version 2.1 at 30-arc-second resolution [35]. ERA5 and WorldClim data supplemented, 

165 but did not replace, direct observations where these were available.
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166 For analytical consistency, daily records were aggregated into monthly means (temperature, 

167 relative humidity) and monthly totals (rainfall). These three climatic variables were selected on 

168 the basis of their established influence on the development, survival, reproduction, and dispersal 

169 of B. dorsalis [14,38].

170 Abundance index and temporal aggregation

171 Fruit fly abundance was expressed as flies per trap per day (FTD), the standard index 

172 recommended for tephritid population monitoring [31]. For each inspection interval i, FTD was 

173 calculated as:

174 FTDi = Ci / (Ti × Di)

175 where Ci is the total number of B. dorsalis captured, Ti is the number of traps deployed, and Di is 

176 the number of days since the previous inspection. Monthly mean FTD for a given calendar month 

177 m was then calculated as a trap-day weighted mean, i.e., the total flies attributed to month m 

178 divided by the total trap-days in that month. When inspection intervals spanned two calendar 

179 months, catches were allocated proportionally based on the number of days in each month, 

180 assuming a constant daily catch rate. Monthly uncertainty was summarised as the weighted 

181 standard error of inspection-interval FTD values, with asymmetric clipping at zero to prevent 

182 negative lower bounds.

183 Data analysis

184 Fruit fly abundance was expressed as flies per trap per day (FTD) and log-transformed using 

185 log10(1 + x) prior to analysis [39]. Seasonal variation was assessed using the Kruskal–Wallis test 

186 [40]. Associations between FTD and climatic variables were quantified using Spearman’s rank 
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187 correlation [41], chosen for its robustness to the skewed, non-linear relationships characteristic of 

188 count data.

189 To model climate–abundance relationships while accounting for overdispersion, generalised linear 

190 models (GLMs) with a negative binomial error distribution and log link function were fitted 

191 [42,43]. Two models were compared: a climate-only model and a full model incorporating locality 

192 as a proxy for agroecological zone. Within-site temporal correlation was addressed using 

193 generalised estimating equations (GEE) with an exchangeable correlation structure [44]. Model 

194 effects were expressed as incidence rate ratios (IRR) with 95% Wald confidence intervals, and 

195 model selection was guided by Akaike’s Information Criterion.

196 To capture non-linear relationships and interactions among predictors, three ensemble machine 

197 learning algorithms were applied: LightGBM with Tweedie loss (p = 1.9) [45], Random Forest 

198 [46], and Gradient Boosting [47]. The Tweedie loss was selected because it accommodates the 

199 semi-continuous, zero-inflated distribution of FTD. Model performance was evaluated using year-

200 blocked GroupKFold cross-validation to prevent temporal leakage [47]. Predictor importance was 

201 quantified using SHapley Additive exPlanations (SHAP) [48], which assigns each feature an 

202 importance value grounded in cooperative game theory. From the SHAP output, mean absolute 

203 SHAP values provided global predictor rankings, dependence plots revealed non-linear predictor–

204 response relationships, and interaction analyses examined the altitude–mango ripening interaction. 

205 A predictor evidence summary integrated SHAP importance with univariate statistical tests 

206 (Spearman’s ρ for continuous, Mann–Whitney U for binary, and Kruskal–Wallis H for categorical 

207 predictors), with p-values corrected using the Benjamini–Hochberg false discovery rate procedure 

208 [49].
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209 All analyses were performed in Python 3.13.5 using pandas [50], NumPy [51], scikit-learn [47], 

210 LightGBM [45], SHAP [48], statsmodels [52], and SciPy [53]. Statistical significance was 

211 assessed at α = 0.05 throughout. 

212 Results

213 Temporal dynamics and altitudinal gradient in abundance

214 Monthly FTD varied markedly across the six sites, reflecting a pronounced altitudinal gradient in 

215 B. dorsalis abundance (Fig 2). At the lowland SUA site (526 m a.s.l.), FTD fluctuated between 

216 approximately 10 and 250 flies trap⁻¹ day⁻¹ throughout the study period, with recurrent peaks 

217 during the warm, wet months (November–April) and troughs during the cool, dry season (May–

218 October). The adjacent lowland site of Mlali (581 m) showed a similar seasonal pattern but at 

219 lower absolute densities (mean FTD = 38.9). At the mid-elevation site of Kibundi (843 m), FTD 

220 was further reduced (mean = 22.3), and seasonal peaks rarely exceeded 100 flies trap⁻¹ day⁻¹. At 

221 Langali (1,105 m), representing the sub-montane transition zone, mean FTD declined to 2.2, with 

222 only sporadic increases above 5 flies trap⁻¹ day⁻¹. At the two highest sites, Visada (1,302 m) and 

223 Nyandira (1,650 m), abundance was extremely low (mean FTD = 0.19 and 0.07, respectively), 

224 with Nyandira recording zero catches in 55% of all months monitored (Fig 1).

225 Fig 2. Monthly temporal dynamics of B. dorsalis FTD at six sites along the Mount Uluguru 

226 transect, Morogoro Region, Tanzania, 2004–2012. Sites are arranged from lowest (SUA, 526 m, 

227 top) to highest elevation (Nyandira, 1,650 m, bottom). Points show monthly mean FTD ± SEM.
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228 Seasonal phenology across the gradient

229 Seasonal boxplots of monthly FTD at each site (Fig 3) showed that the lowland SUA site exhibited 

230 the most pronounced and statistically significant monthly variation (Kruskal–Wallis, p < 0.001), 

231 with the highest median FTD in January (114.9) and the lowest in September (18.7). At the 

232 montane Nyandira site, monthly variation was also significant (p = 0.037), driven by elevated FTD 

233 in January–March and near-zero values from May to November. In contrast, at the intermediate 

234 sites of Mlali, Kibundi, and Langali, Kruskal–Wallis tests were not significant (p = 0.114, 0.085, 

235 and 0.195, respectively), indicating weaker seasonal structure relative to interannual variability. 

236 Similarly, no significant monthly variation was detected at Visada (p = 0.117).

237 Fig 3. Seasonal phenology of B. dorsalis across the altitudinal gradient. (A) Monthly FTD boxplots 

238 by site with Kruskal–Wallis test p-values.

239 Seasonal predictability metrics (Fig 4) described three aspects of how the population changes 

240 across the gradient. First, seasonal amplitude (the difference between the highest and lowest 

241 monthly FTD) decreased sharply with altitude, from 96.2 at SUA to 0.2 at Nyandira (Fig 4A). 

242 Second, the coefficient of variation (CV) of peak-month FTD increased with altitude, from 0.54 

243 at SUA to 1.38 at Nyandira (Fig 4B), showing that seasonal peaks became less predictable at higher 

244 elevations. Third, the duration of the high season (months when FTD was above the site’s annual 

245 average) ranged from seven months at SUA to only three months at Nyandira (Fig 4C).

246 Fig 4. Seasonal predictability metrics: (A) amplitude (peak–trough FTD) versus altitude; (B) 

247 coefficient of variation of peak-month FTD; (C) duration of the high season at each site.
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248 Seasonal effects from negative binomial GLMs

249 The negative binomial models (Fig 5) confirmed the seasonal pattern observed above. At SUA 

250 (526 m), FTD was significantly lower than in January from April to December, with the largest 

251 reductions in September (about −80%) and October (−70%). At Mlali and Kibundi, FTD decreased 

252 by 60–90% from April to November. At the three highest sites, FTD was also lower than in January 

253 in most months, although overall levels were already very low.

254 Fig 5. Seasonal effects on B. dorsalis FTD from negative binomial GLMs. (A) Percentage change 

255 in FTD for each month relative to January (reference) at all six sites. Green bars indicate significant 

256 departures (p < 0.05); beige bars are non-significant.

257 Annotated seasonal bar charts (Fig 6) showed that population peaks occurred consistently during 

258 the early warm–wet season (January at most sites), with minor secondary peaks at Langali and 

259 Visada in September. The contrast between peak and low periods increased sharply with altitude, 

260 indicating that populations at higher elevations are concentrated into a much shorter seasonal 

261 window.

262 Fig 6. Monthly mean FTD (± SEM) at each site with peak and trough months annotated. Red 

263 shading indicates months above the site-specific annual mean.

264 Effects of climatic variables on abundance

265 Bivariate relationships between FTD and climate variables (Fig 7) showed that relative humidity 

266 had the strongest positive association with FTD (Spearman ρ = 0.202, p = 0.0007), followed by 

267 rainfall (ρ = 0.119, p = 0.046). Temperature showed no significant overall relationship (ρ = −0.084, 

268 p = 0.162).
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269 The correlation matrices (Fig 8) showed that rainfall and relative humidity were strongly correlated 

270 with each other (ρ = 0.75, p < 0.001), indicating that they represent similar seasonal moisture 

271 conditions.

272 Fig 7. Effects of climatic variables on B. dorsalis FTD: Bivariate scatter plots of FTD against 

273 temperature, rainfall, and relative humidity with LOESS trend lines and Spearman ρ values. Points 

274 are coloured by site.

275 Fig 8. Effects of climatic variables on B. dorsalis FTD: Multivariate Pearson (left) and Spearman 

276 (right) correlation matrices across all sites combined.

277 Site-specific correlations (S2 Fig) showed that these relationships were strongest at the lowland 

278 sites. The association between FTD and relative humidity was highest at SUA (ρ = 0.55, p < 0.001), 

279 Mlali (ρ = 0.50, p < 0.01), and Kibundi (ρ = 0.55, p < 0.001). Rainfall also showed significant 

280 positive relationships with FTD at these sites (SUA: ρ = 0.47, p < 0.001; Mlali: ρ = 0.42, p < 0.01; 

281 Kibundi: ρ = 0.50, p < 0.01). In contrast, no significant relationships were observed at the higher-

282 elevation sites (Langali, Visada, Nyandira), where overall abundance was low.

283 Host fruit phenology and abundance

284 The SHAP analysis of host fruit ripening (Fig 9) showed that not all host fruits contributed equally 

285 to B. dorsalis abundance. Ripening of jew plum (Spondias cytherea) had the strongest positive 

286 effect on FTD (SHAP difference = +1.221). Soursop (Annona muricata) and mango (Mangifera 

287 indica) also increased FTD, but to a lesser extent (+0.275 and +0.159, respectively). In contrast, 

288 citrus and loquat had little to no effect, with slightly negative contributions (−0.022 and −0.055), 

289 indicating that their presence did not meaningfully increase local populations.
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290 Fig 9. Host phenology effects on B. dorsalis abundance. SHAP difference (ripe minus not-ripe) 

291 for five host fruits, indicating the contribution of each host’s ripening to predicted FTD.

292 The altitude–mango interaction (Fig 10) showed that the effect of altitude on FTD depended on 

293 host availability. At lower elevations, where mango was present and ripening between January and 

294 March, altitude contributed positively to FTD (mean SHAP = +3.07 at SUA and +2.17 at Mlali). 

295 At mid-elevation (Langali), the effect was close to zero (−0.22), while at higher elevations (Visada 

296 and Nyandira), where mango was absent, altitude had a strong negative effect (−1.92 and −8.43, 

297 respectively).

298 Fig 10. Host phenology effects on B. dorsalis abundance. SHAP value for altitude stratified by 

299 mango ripening status, showing the altitude–mango interaction.

300 Overall, the negative effect of altitude became stronger above about 1,100 m, especially where key 

301 host fruits such as mango were no longer present. This pattern was consistent across seasons, 

302 although small differences were observed between months when mango was ripe and when it was 

303 not. The phenological calendar (S1 Fig) showed that mango ripening (December–May) at the 

304 lower sites coincided with the main period of B. dorsalis activity.

305 Key drivers of B. dorsalis abundance

306 Across all analyses, including the machine learning model used to assess predictor importance, a 

307 consistent pattern emerged in the factors shaping B. dorsalis abundance along the altitudinal 

308 gradient (Fig 11). Altitude was the primary factor, with abundance declining sharply at higher 

309 elevations. This decline was accompanied by weaker seasonality, reduced predictability, and 

310 shorter periods of population activity.
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311 Fig 11. Machine learning predictor importance. (A) Mean absolute SHAP values ranking all 20 

312 predictors by their contribution to FTD prediction.

313 Host fruit availability further shaped these patterns (Fig 12). The presence and ripening of key host 

314 fruits, particularly jew plum and mango, were associated with higher FTD, while sites lacking 

315 these hosts—especially at higher elevations—supported only low and sporadic populations.

316 Fig 12. Machine learning predictor importance. Predictor evidence summary integrating SHAP 

317 importance (x-axis, lollipop length) with the type and FDR-adjusted significance of univariate 

318 statistical tests (point colour and size).

319 Climatic conditions also influenced abundance, with relative humidity showing the strongest and 

320 most consistent relationship with FTD. However, these effects were most evident at lower 

321 elevations, where populations were well established, and were weak or absent at higher elevations. 

322 Together, these results show that B. dorsalis abundance along the gradient is primarily structured 

323 by altitude and host availability, with climate acting as a secondary, context-dependent influence.

324 Discussion

325 This long-term study demonstrates that B. dorsalis populations exhibit pronounced seasonal 

326 dynamics, with consistent peaks during the warm–wet season and declines during the cool-dry 

327 period. Such rainfall-driven seasonality, which regulates host availability, is widely reported 

328 across tropical systems, including Tanzania [13], Kenya [38], Benin [18], Cameroon [22], and 

329 Asia [54,55], indicating a broadly conserved temporal structure. More broadly, the ecology and 

330 spread of B. dorsalis across Africa reflect interacting effects of climate, host availability, and 

331 landscape structure [10]. However, the long-term data further show that seasonal dynamics are not 
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332 uniform across environments. Along the altitudinal gradient, population peaks became 

333 progressively shorter, weaker, and less predictable at higher elevations. This pattern indicates that 

334 while lowland populations follow relatively stable climatic and phenological cycles, highland 

335 populations are more constrained and temporally variable. Our study has refined seasonal 

336 understanding by resolving the timing and reliability of peak and low population periods across 

337 years, which is important for anticipating periods of highest risk.

338 Our results showed a clear decline in abundance with increasing elevation, demonstrating the 

339 important role of altitude in structuring populations. This widespread pattern indicates that altitude 

340 imposes fundamental constraints on population persistence. While lower temperatures at higher 

341 elevations are known to slow development and reduce reproductive performance [14,56,57], the 

342 present study shows that these effects are compounded by host limitation. The marked decline in 

343 abundance above mid-elevations coincided with the absence of key hosts, and interaction analyses 

344 showed that altitude effects were strongly mediated by host availability, consistent with 

345 observations in Cameroon [22]. Similar patterns have been documented along the Morogoro 

346 transect in Tanzania [19,20], across East Africa [21], and in southern Africa [64], as well as across 

347 ecological zones in India [69]. Species distribution modelling studies further show that climatic 

348 suitability, including temperature gradients associated with elevation, strongly determines the 

349 geographic range of B. dorsalis [58]. In particular, phenology-based models incorporating 

350 environmental gradients have reported how temperature and moisture jointly shape its potential 

351 distribution across regions [23].

352 Climatic influences on abundance were dominated by moisture-related variables, with relative 

353 humidity and rainfall showing stronger associations than temperature. This pattern is consistent 

354 with established mechanisms, where adequate moisture improves survival, pupation conditions, 
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355 and host fruit quality [14,38]. In Benin, infestation levels reflect combined effects of abiotic 

356 conditions and host factors [15], while broader studies demonstrate that climate operates in 

357 conjunction with landscape and season to regulate population dynamics [64]. Thermal biology 

358 studies have reported the role of temperature in shaping seasonal abundance [65]. Overall, these 

359 findings indicate that moisture acts as a proximate driver of seasonal population fluctuations within 

360 suitable environments, whereas temperature and host distribution define broader spatial limits.

361 Host fruit availability emerged as a key driver of population dynamics, with a small number of 

362 hosts contributing disproportionately to population increases. The strong influence of jew plum 

363 highlights the importance of non-commercial hosts in sustaining populations between major 

364 cropping periods, consistent with the recognised role of Spondias species as preferred hosts [3]. 

365 Similar phenological linkages have been reported elsewhere, including in Uganda, where 

366 population peaks track mango fruiting cycles [59], and in Senegal, where fruiting stages influence 

367 oviposition behaviour [60]. Host suitability also varies with fruit ripening stage, influencing 

368 infestation potential [61], while seasonal host availability and diversity further regulate population 

369 dynamics [62].

370 Mango remains a primary host in East Africa [1,26], although its influence is partly mediated by 

371 favourable climatic conditions at low elevations. In contrast, citrus contributes little to population 

372 growth under natural conditions. Host prioritisation studies further confirm that reproductive 

373 success varies significantly among host plants [63]. Importantly, host availability interacts with 

374 altitude to shape population patterns. The absence of key hosts at higher elevations amplifies the 

375 decline in abundance, reinforcing the need to consider host distribution alongside climatic 

376 gradients. By isolating the role of key host fruits, this study clarifies how resource availability 

377 drives population build-up, which is important for targeting host-based management strategies.
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378 The observed patterns provide a basis for improving surveillance and management strategies. 

379 Altitude offers a practical framework for risk stratification, with lowland areas experiencing 

380 consistently higher and more predictable pest pressure. In these environments, climate-informed 

381 forecasting—particularly using rainfall and humidity indicators—can improve the timing of 

382 interventions such as bait sprays and male annihilation [18,66]. Similar approaches have proven 

383 effective in Sri Lanka using time-series models [55]. At higher elevations, reduced predictability 

384 of population peaks suggests that fixed seasonal calendars are less effective, and adaptive 

385 monitoring based on trap thresholds is more appropriate. Integrating host phenology with climate-

386 based forecasts could further enhance early warning systems. In island systems, invasion dynamics 

387 and niche interactions further illustrate the role of landscape structure [67].

388 This study is based on male trap captures, which do not directly reflect female oviposition or 

389 infestation levels. Incorporating fruit sampling would improve inference on crop damage. In 

390 addition, unequal sampling periods and site-specific phenological data may limit comparability 

391 across the gradient. Finally, unmeasured biotic factors such as parasitism, competition, and 

392 management practices may also influence population dynamics [11,68].

393 Conclusion

394 Long-term monitoring revealed consistent seasonal dynamics and strong altitudinal structuring of 

395 B. dorsalis populations. Lowland populations exhibited predictable peaks, whereas highland 

396 populations remained low and irregular. These patterns reflect interacting effects of climate, host 

397 phenology, and landscape context, underscoring the importance of long-term data for developing 

398 predictive and adaptive pest management strategies. These findings support the use of long-term, 

399 climate-informed monitoring systems to improve the timing and targeting of B. dorsalis 
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400 management. In lowland areas, where populations are consistently high and seasonally predictable, 

401 interventions should be synchronised with rainfall patterns and host fruit phenology to maximise 

402 effectiveness. In contrast, highland systems require adaptive, threshold-based monitoring due to 

403 lower and less predictable population dynamics. Integrating host phenology, climatic indicators, 

404 and spatial risk stratification into early warning systems will enhance decision-making and support 

405 more efficient, landscape-level pest management strategies.
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