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Abstract 

This study investigates the effects of data missingness on five agro-climatic indices: 

Maximum Consecutive Dry Days (CDD), Maximum Consecutive Wet Days (CWD), 

Seasonal Totals, Season Onset, and Season Cessation. These impacts were 

assessed under three patterns of data missingness, Missing at Random (MAR), 

Missing Completely at Random (MCAR), and Missing Not at Random (MNAR), as well 

as at three missingness volumes: 5%, 10%, and 20%. To characterise the effects, 

three error metrics were used to compare indices calculated from a degraded time 

series against those from a complete one, using a Monte Carlo simulation that cycled 

through all possible combinations of missingness pattern, volume, and temporal 

position within the time series. The results showed that the MNAR mechanism caused 

the most severe bias in the indices, while MAR caused the least severe bias. The 

results also showed that uncertainty in the indices increased as the missingness 

volume increased. Additionally, drier areas were less affected by missingness than 

wetter regions. Among the indices, onset and cessation were the most resilient to data 

missingness, while CDD was the most sensitive. 
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1 Introduction 

Weather data such as maximum temperature, minimum temperature, evaporation and 

precipitation constitute the starting point of drought monitoring and hydrological 

modelling [1]. It is therefore important that these datasets are reliable for operational 

scientific analyses used for decision making in different fields. For example, Zimbabwe 

has an agriculture-based economy which contributes approximately 11-14 percent to 

the nation's Gross Domestic Product (GDP) [2]. It is critical that all analyses, such as 

the determination of average season onset dates and rainfall trends, are 

representative of what is on the ground, to prevent the dissemination of potentially 

misleading information. The use of inaccurate information can lead to poor planning, 

resulting in reduced yields at the individual farmer level and, more broadly, across the 

whole country, negatively affecting people's livelihoods. 

While satellite datasets are acknowledged as an alternative that is usually complete 

but degraded by errors associated with remote sensing [3], ground station data is often 

seen as error free, leading to its use in various bias correction methods [4]. However, 

in-situ data are not problem free: in many parts of the developing world, data collection 

is inconsistent, and observation networks are fragmented. Consequently, climate 

records contain spatial gaps and temporal discontinuities, leading to various levels of 

degradation. These gaps and discontinuities propagate into the products derived from 

analysing such data, thereby introducing uncertainty into climate decision support 

systems [5]. 

Station data degradation can arise from many sources, not limited to transmission 

failure for automatic weather stations (AWS), manual instrument failure, station 

closure or relocation, and human reading and recording errors. Such events are rarely 

uniform, and statistically, data missingness can occur depending on observed values, 

be linked to unobserved processes, or occur completely at random. These patterns of 

data degradation are grouped into three categories: Missing at Random (MAR), 

Missing Not at Random (MNAR), and Missing Completely at Random (MCAR), 

respectively [6]. Missingness influences the statistical properties of data as well as the 

accuracy of analysis. As an illustration, if gaps are clustered in specific critical periods 

of a rainfall season, for example, the end of October into November in the context of 



Zimbabwe, they may have a disproportionately large impact on season onset dates 

compared to uniformly distributed gaps. 

The clustering can occur due to factors such as extreme weather events or station 

maintenance cycles. For example, during Cyclone Idai in 2019, some stations failed 

because of unusually heavy rainfall that they were not engineered or calibrated to 

handle, resulting in data loss and degradation in the period around mid-March [7]. As 

a result, the effects of such limitations are significant. Despite this, many studies in the 

climate domain implicitly assume that missing data are randomly distributed in time. 

For example, [8] and [9] all assumed randomness, as indicated by their gap-filling 

methodologies, using techniques such as Linear Interpolation, Radial Basis Function, 

and Multiple Linear Regression. The mechanisms underlying these techniques rely on 

this assumption. While this simplifies analysis, it misrepresents reality, as missingness 

usually follows different patterns. 

While the issue of missing data is acknowledged, with some studies even setting 

thresholds for data completeness, there remains a gap in the systematic evaluation of 

the impacts of different degradation structures and missingness mechanisms on 

climate analyses. A limited number of studies compare the effects of temporally 

structured and random data loss. Furthermore, even fewer studies evaluate how 

various imputation methods perform under such a variety of degradation and 

missingness structures. This lack of evaluation leaves uncertainty in the generalisation 

of research findings. 

To address this gap, a controlled experiment was carried out in which a complete 

dataset was purposely degraded according to the three missingness structures, 

allowing the simulation of different degradation patterns. The aim of this study is to 

simulate and quantify the effect of different data degradation mechanisms on climate 

analysis products, and to evaluate the robustness of selected common analysis types 

under varying conditions of missingness. Specifically, the study compares the 

sensitivity of five seasonal metrics: Maximum Consecutive Wet Days (CWD), 

Maximum Consecutive Dry Days (CDD) [10], Season Onset, Season Cessation [11], 

and Seasonal Total Rainfall, to data missingness. These metrics highlight different 

properties of the rainfall season, such as rainfall distribution, intra-season structure, 

seasonal boundaries, and raw rainfall amount, respectively. 



2 Materials and methods 

2.1 Study area 

Zimbabwe is situated in Southern Africa, as shown in Fig 1. The country has a sub-

tropical climate, divided into seven Agro-Ecological Zones (AEZ), with yearly rainfall 

ranging from at least 1000 mm yr⁻¹ in Region I to 300 mm yr⁻¹ in Region Vb [12]. 

Zimbabwe has two distinct weather regimes, the wet and dry seasons. The wet season 

spans two contiguous years, running from October to April of the following year, while 

the dry season runs from May to September [13]. The country's weather and climate 

are monitored by the Zimbabwe Meteorological Services Department (ZMSD), which 

operates a network of 47 stations collecting key variables such as rainfall and 

temperature across the country's 10 provinces. 

 

Fig 1. Map of the study area showing the agro-ecological zones and manned weather 

stations in Zimbabwe 



2.2 Datasets 

Zimbabwe's revised AEZs [12] were obtained in Esri Shapefile format, and daily 

satellite rainfall estimates from 1981 to 2025 were acquired from CHIRPS version 2 

(CHIRPS-V2). The dataset is available in gridded format, with a spatial resolution of 

0.05° x 0.05° [14]. CHIRPS-V2 was used in this study as it has a proven record of 

being more accurate than other datasets, over Zimbabwe as shown by [15]. Forty-

seven weather station coordinates were acquired from the ZMSD (Zimbabwe 

Meteorological Services Department, 2026), and seven stations were drawn at 

random, one from each unique AEZ. Only one station per zone was chosen to reduce 

simulation processing time. Table 1 shows the selected stations. 

Table 1. Randomly selected stations, their coordinates, agro-ecological zones, and 

seasonal rainfall totals [12] 

Station X Y Agro-Ecological Zone Annual Rainfall (mm) 

Chipinge 32.62 -20.20 Region I < 1000 

Henderson 30.97 -17.58 Region IIa 750 - 1000 

Kadoma 29.88 -18.32 Region IIb 750 - 1000 

Mt Darwin 31.58 -16.78 Region III 650 - 800 

Matopos 28.51 -20.38 Region IV 450 - 650 

Binga 27.33 -17.62 Region Va < 650 

Beitbridge 29.99 -22.21 Region Vb < 600 

 

2.3 Methods 

2.3.1 Monte Carlo simulation 

To determine the effects of missingness, a Monte Carlo Simulation was implemented. 

The simulation was implemented programmatically using Python [16], supported by 

three main modules: NumPy [17], pandas [18], and SciPy [19]. Additionally, tqdm was 

used to show the progress of the simulation runs [20]. The rainfall data were artificially 

degraded according to the three data missingness mechanisms, MAR, MCAR, and 

MNAR, and for each of these structures the data were deleted at three different 

volumes, 5%, 10%, and 20%, to determine the impact of different missingness 



volumes. The simulations were carried out on a computer equipped with a 12th 

Generation Intel® Core™ i5-1235U processor operating at 1.30 GHz, featuring 12 

processing cores and 24 GB of RAM, running the Windows 11 Pro operating system. 

A critical parameter in MCS is the number of individual repetitions (N). This is the 

number of iterations required to achieve a stable estimation of the target performance 

metrics without incurring a large computational overhead, while also reaching 

acceptable precision. A seed value of 42 was used, since it has been widely used in 

simulation studies. To ensure the missingness structures were reproducible and 

deterministic, a pseudo-random number generator (PRNG) was used to produce two 

random numbers, which could also be used as seeds for initialising the simulation, 

and these were then tested for convergence against the simulation results generated 

using 42. This was achieved by plotting the Spearman's correlation coefficients of the 

results generated from the simulation runs with the randomly generated seeds against 

the results produced from the run with seed 42, on a scatterplot. This was done to 

ensure that the observed differences in the performance metrics could be attributed 

only to missingness, rather than to random variation in the PRNG (Morris et al., 2019). 

N was determined using the formula: 

N =
E(Coverage)×(1−E(Coverage))(Monte Carlo SE)2                                                                                      (1) 

where N is the number of optimal simulations, E(Coverage) is the percentage of 

repetitions required to produce a true value, and SE is the standard error of estimation 

due to the use of a limited number of simulations. This was followed by the evaluation 

of the seasonal metrics: CDD, CWD, Season Onset, Season Cessation, and Seasonal 

Total Rainfall. The analysis was also carried out individually for the wet and dry 

seasons, as well as for each of the seven locations selected at random from 

Zimbabwe's seven AEZs. 

2.4 Seasonal metrics calculation 

2.4.1 Maximum consecutive dry days and consecutive wet days 

A wet day is defined differently in different contexts. In this study, an agricultural 

context was adopted, defining a wet day as a day receiving greater than or equal to 3 

mm of precipitation within 24 hours (from 0600z to 0559z the next day). Therefore, 



CDD is the maximum number of consecutive days receiving precipitation of at least 3 

mm (rainfall ≥ 3 mm d⁻¹). Consequently, CWD was defined as the maximum number 

of consecutive days receiving precipitation of less than 3 mm (rainfall < 3 mm d⁻¹) [21]. 

2.4.2 Season onset, cessation and seasonal total rainfall 

Season Onset was defined as the first day after 1 October on which 20 mm is received 

within two consecutive days, given that a dry spell does not occur in the next 20 days 

of the wet spell [22,23]. Cessation was defined via a daily soil water balance model, 

developed by [24], as the first day after Season Onset when the cumulative water 

balance drops to 0 mm after subtracting a potential evapotranspiration loss of 5 mm 

d⁻¹. Finally, Seasonal Total Rainfall was defined as the summation of daily rainfall from 

1 October to 30 April. 

2.5 Determination of variance from the complete timeseries 

To determine the statistical impact of missingness, the degraded time series were 

compared to the complete reference dataset. Rainfall is known to be non-normally 

distributed due to the presence of many 0 mm day⁻¹ values; therefore, traditional error 

metrics such as Mean Bias and Standard Deviation were avoided, since they rely on 

the assumption that their residuals follow a normal distribution [25]. As a result, more 

robust error metrics were used. Median Bias was used to determine the systematic 

error since it is less affected by outliers and extensive data gaps [26,27]. To evaluate 

the dispersion of errors from the complete timeseries, the Normalised Median Absolute 

Deviation (NMAD) was used, as it requires at least 50% of the dataset to be missing 

to break down [28,29]. NMAD was then standardised against the baseline index from 

uncorrupted data to give a relative percentage, allowing comparison across different 

indices with different units of measurement. Finally, the impact of missingness on the 

temporal coherence of the time series was assessed using Spearman's correlation 

coefficient (ρ) [30]. The coefficient ranges from -1 to +1; values close to either extreme 

indicate strong correlation, while values close to zero indicate weak correlation. 



3 Results 

3.1 Seed sensitivity testing 

The Pseudo-Random Number Generator generated 28,876,402 and 1,352,964,956 

as the alternative seeds. Fig 2a and Fig 2b show the agreement between the 

Spearman's ρ from running the simulation with seed 42 versus 28,876,402, and seed 

42 versus 1,352,964,956, respectively. The coefficient showed a strong positive 

correlation, with ρ = 0.9998 for both comparisons. As a result, 42 was used as the 

seed for the full run, considering its wide usage in the literature as well as for simplicity. 

Using Eq. (1) to determine the optimal number of runs showed that at least 1600 

simulations were required, and 2000 was used instead, resulting in the simulation 

running for 309.1 minutes. 

 

Fig 2. Scatterplots showing the correlation of randomly generated seeds with 42 

3.2 Variance metrics 

3.2.1 Normalised median absolute deviation 

Fig 3a and Fig 3b show the Normalised Median Absolute Deviations (NMAD) for the 

wet and dry seasons, respectively. In the wet season, Season Onset and Cessation 

were the least affected by most missingness scenarios. Onset had NMAD=0% across 

all volumes, while Cessation peaked at 4% under the MNAR scenario with the 

maximum missingness volume of 20%. Under the MCAR mechanism, the NMAD for 

CDD scaled from 17% at 5% missingness volume to 56% at 20% missingness volume. 



Seasonal Total Rainfall and CWD showed moderate vulnerability, with bias worsening 

under the MNAR mechanism, reaching 36% and 38%, respectively, at 20% 

missingness volume. In the dry season, CWD and Seasonal Total Rainfall had 

NMAD=0% for most scenarios, except for 20% MCAR and 20% MAR for Total Rainfall, 

as shown in Fig 3b. However, CDD variance became overwhelmingly high, ranging 

from 64% to a severe peak of 92% across all scenarios. This indicated that missing 

data during the dry season catastrophically destabilises the calculation of consecutive 

dry spells, regardless of whether the missingness is random (MCAR) or systematic 

(MNAR).

 

Fig 3. Effects of missingness mechanisms and volume on the Normalised Median 

Absolute Deviation (NMAD) of rainfall season indices in the (a) wet season and (b) in 

the dry season. Values are medians across all stations. Columns group missingness 

scenarios by mechanism (MCAR, MAR, MNAR) and volume (5%, 10%, 20%). 

3.2.2 Normalised median absolute deviation 

Fig 4a and Fig 4b show the systematic underestimation or overestimation of the 

agroclimatic indices under different structures and volumes of degradation. Seasonal 

Total Rainfall was the most biased metric during the wet season, as shown in Fig 4a. 

The Seasonal Total was increasingly underestimated, from -29.2 mm yr⁻¹ at 5% MCAR 

up to -244.3 mm yr⁻¹ under 20% MNAR. CDD showed the least bias (-15 mm yr⁻¹ at 

20% MCAR), while Season Onset and Cessation were not degraded. In the dry 

season, the bias profiles were inverted, as shown in Fig 4b. Total Rainfall and CWD 

exhibited 0 mm yr⁻¹ bias across all missingness mechanisms and volumes. However, 



CDD was underestimated, with values ranging from -98 mm yr⁻¹ at 5% MNAR up to -

138 mm yr⁻¹ at 20% MAR. 

 

Fig 4. Effects of missingness mechanisms and volume on the Median Bias (MdB) of 

rainfall season indices in the (a) wet season and (b) in the dry season. Values are 

medians across all stations. Columns group missingness scenarios by mechanism 

(MCAR, MAR, MNAR) and volume (5%, 10%, 20%). 

3.2.3 Spearman’s correlation coefficient 

Fig 5 shows whether the temporal distribution of the indices was preserved under data 

degradation. Despite the heavy bias in Seasonal Total Rainfall, the rank-order 

correlation remained consistently high across all mechanisms, ranging between 0.83 

and 0.99 in the wet season, as shown in Fig 5a. Season Onset and Cessation also 

preserved their monotonic trend with the undegraded timeseries, with correlation 

remaining above 0.70, lowering slightly under 20% MCAR and MNAR. CDD lost 

almost all statistical reliability, as all mechanisms and volumes resulted in ρ < 0.41. In 

the dry season, all degradation scenarios maintained correlations above 0.86 and 0.81 

for Seasonal Total Rainfall and CWD, respectively, as shown in Fig 5b. Conversely, 

the correlation between the undegraded timeseries and the degraded timeseries 

dropped to between 0.04 and 0.07. 



 

Fig 5. Effects of missingness mechanisms and volume on the Spearman rank 

correlation (ρ) of rainfall season indices in the (a) wet season and (b) in the dry season. 

Values are medians across all stations. Columns group missingness scenarios by 

mechanism (MCAR, MAR, MNAR) and volume (5%, 10%, 20%). 

3.3 Spatial variability in data degradation impacts 

The severity of bias in the indices was influenced by the station's baseline climate, 

with the highest impacts observed in higher Seasonal Total Rainfall regions. For Total 

Rainfall, Chipinge showed the most severe negative Median Bias across all three 

missingness mechanisms for both the dry and wet seasons, as shown in Fig 6a, Fig 

6f, Fig 9a and Fig 9f. Beitbridge, a historically dry station, had the smallest bias for 

Seasonal Total Rainfall, as shown in Fig 6a and Fig 12a. While wetter regions had the 

highest volume loss, drier regions experienced significant degradation for continuity 

metrics like the Spearman's Rank Correlation Coefficient, particularly at high 

missingness volumes, as shown in Fig 8, Fig 11 and Fig 14. Errors in calculating CDD 

were most pronounced in dry stations such as Beitbridge, Binga and Matopos, 

evidenced by the dry season NMAD, which spiked at 90% under the 20% missingness 

volume, as shown in Fig 7g, Fig 10g, and Fig 13g. Additionally, the temporal integrity 

of the data collapsed significantly for CDD in drier stations even at 5% missingness 

volume, while Chipinge retained better rank correlation with the undegraded time 

series, as shown in Fig 8g, Fig 11g, and Fig 14g. 



4 Discussion 

The study investigated the impacts of data missingness on five agro-climatic indices: 

Maximum Consecutive Dry Days (CDD), Maximum Consecutive Wet Days (CWD), 

Seasonal Total Rainfall, Season Onset, and Season Cessation. These impacts were 

assessed under three patterns of missingness, Missing at Random (MAR), Missing 

Completely at Random (MCAR), and Missing Not at Random (MNAR), as well as at 

three different missingness volumes: 5%, 10%, and 20%. Overall, Missing Not at 

Random (MNAR) had the greatest impact on the agroclimatic indices, as shown by 

the -244.3 mm yr⁻¹ Median Bias at 20% missingness volume in Fig 4a. This was 

followed by Missing Completely at Random (MCAR), while Missing at Random (MAR) 

had the least impact, as it had the lowest Median Bias for Seasonal Total Rainfall (Fig 

4a) and the highest correlation with the undegraded timeseries (ρ = 0.99 at 5% 

missingness and 0.96 at 20% missingness, Fig 5a). 

The study showed that bias in the seasonal metrics increases disproportionately as 

missingness volumes increase. This aligns with the literature, particularly studies on 

gap-filling climate datasets. [31] showed that the accuracy of climate analyses is 

mostly constrained by the percentage volume of missing data, and that the information 

given by the degraded data becomes severely biased once a particular threshold is 

surpassed. In this study, data missingness resulted in severe deviation from the 

undegraded time series at 20%, as shown, for example, by Fig 7 under the MCAR 

mechanism. This follows the same pattern observed by [32] in their study on data 

imputation, which saw biases inflating as missingness scaled up from 10% to 60%. 

This study also showed that the effects of data missingness were more pronounced in 

wetter regions such as Chipinge, while they were less pronounced in drier regions 

such as Beitbridge. Table 1 shows that Chipinge lies in Zimbabwe's Region I, while 

Beitbridge lies in Region Vb, which receive >1000 mm yr⁻¹ and <600 mm yr⁻¹, 
respectively. 

This implies that the magnitude of errors introduced by missingness is highly sensitive 

to the local climate baseline. It also means that even when various data imputation 

methods are employed, the errors are still more attributable to the missingness pattern 

of the data than to the imputation method itself. Navarro [33] found significantly lower 

bias in semi-arid regions than in humid ones, because drier regions already have low 



annual rainfall totals, so when data is missing, not much information is lost. This is in 

line with the results of this study. Beitbridge, which lies in one of the driest regions in 

Zimbabwe, showed the smallest bias in Seasonal Total Rainfall, because the volume 

of rainfall at risk of being lost is small, resulting in flat or near flat missingness profiles, 

as presented in Fig 6a to Fig 6h under the MAR mechanism, and Fig 12a to Fig 12h 

under the MNAR mechanism. Overall, low baseline rainfall acts as a natural ceiling on 

how large the bias due to degradation can become, regardless of missingness 

mechanism. 

Data missingness had the opposite effect on CDD. Low seasonal rainfall totals 

protected Total Rainfall from large biases; however, they degrade CDD estimates, 

because dry seasons consist of many contiguous dry days. As a result, when values 

went missing, the simulation had no way of determining whether a gap was wet or dry. 

This introduces a severe underestimation of true dry spell lengths. This is evident in 

Fig 13b, where the Normalised Median Absolute Deviation reached around 50% for 

all stations at 20% missingness volume in the wet season under the MNAR 

mechanism. Beyond bias in single-season analyses, these distortions carry 

consequences for longer-term climate monitoring. Data missingness can also prevent 

the effective employment of drought anticipatory action measures. For example, the 

Zimbabwe Meteorological Services Department, in collaboration with the World Food 

Programme (WFP), uses the two-month Standardised Precipitation Index (SPI) for 

tracking drought as part of their "Ready, Set & Go!" system [34].  

If data is severely missing, the SPI figures can be misleading, resulting in potential 

agricultural losses. Missing data can also alter detected trends when such issues 

persist over multiple years [35], meaning trends could be reversed, or the rates at 

which they occur could be muted or enhanced. In response to the effects of data 

missingness, the Participatory Integrated Climate Services for Agriculture (PICSA) 

programme, developed by the University of Reading, set a limit for data missingness. 

For a station to qualify for PICSA, it should have at least 30 years of data available, 

and for those 30 years, the most recent 10 years should not have more than 10% of 

the data missing [36]. 



5 Conclusion 

Finally, it is important that observation instruments such as manual and automatic 

weather stations are kept always running, to prevent data missingness. Maintenance 

checks should also be regular, to ensure that any anomalies are caught in time, before 

the volume of missing data crosses critical thresholds. An important limitation of the 

study lies in the use of the Monte Carlo approach. A finite number of simulations was 

used to simulate data degradation. While infinite repetitions would reveal the true 

effects of data missingness on agroclimatic analyses, this remains computationally 

impossible. Therefore, the results should be interpreted as illustrative rather than as a 

definitive characterisation of the full effects of different data missingness mechanisms 

on agroclimatic indices. 

Appendix A Spatial variability in data degradation impacts 

 

Fig 6. Characterisation of the effects of different volumes of Missingness at Random 

(MAR) on the rainfall season indices at 7 different stations using Median Bias (MdB) 



 

Fig 7. The effects of Missingness Completely at Random (MCAR) at different volumes 

on the rainfall season indices at 7 different stations quantified using Median Bias 

(MdB) 

 

Fig 8. The effects of Missingness Not at Random (MNAR) at different volumes on the 

rainfall season indices at 7 different stations quantified using Median Bias (MdB) 



 

Fig 9. The effects of Missingness Not at Random (MAR) at different volumes on the 

rainfall season indices at 7 different stations quantified using NMAD 

 

Fig 10. The effects of Missingness Completely at Random (MCAR) at different 

volumes on the rainfall season indices at 7 different stations quantified using NMAD 



 

Fig 11. The effects of Missingness Not at Random (MNAR) at different volumes on the 

rainfall season indices at 7 different stations quantified using NMAD 

 

Fig 12. The effects of Missingness at Random (MAR) at different volumes on the 

rainfall season indices at 7 different stations quantified using Spearman’s ρ 



 

Fig 13. The effects of Missingness Completely at Random (MCAR) at different 

volumes on the rainfall season indices at 7 different stations quantified using 

Spearman’s ρ 

 

Fig 14. The effects of Missingness Not at Random (MNAR) at different volumes on the 

rainfall season indices at 7 different stations quantified using Spearman’s ρ 
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