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Influenza Outbreak Forecast in New York City

) with Weather Data

* [nfluenza is one of the most significant diseases in humans.

* Better epidemic predictions would set up more appropriate public health
prevention and intervention strategies in temperate cities.

e Epidemics occur mainly during the season months with abnormal changing
of temperature, precipitation, UV radiation, and wind speed.

« Random Forest, Linear Regression, Gradient Boosting, K-Nearest Neighbors
Algorithm.

* Based on the future weather data to predict the Influenza.

Predicting

Datasource:
* Daily weather data from NOAA(2011-2018)
 Weekly influenza infections data from Centers for Disease Control and
Prevention(2011-2018)
Data preprocess:
* Data Cleaning
* Aggregate daily weather data into weekly data
 Merge weather data and influenza data

year week temp_weeklyMin temp_weeklyMax temp_weeklyMean slp_weeklyMean wdsp_weeklyMedian mxpsd_weeklyMax prcp_weeklyMedian uv_time

0 2011 1 241 46.0 31.371429 1007.542857 56 15.0 0.00 0.39
1 2011 2 18.0 379 27.471429 1018.271429 6.4 15.0 0.00 0.39
2 2011 3 14.0 41.0 27.500000 1013.442857 6.4 15.0 0.01 0.40
3 2011 4 6.1 379 28.728571 1016.542857 4.1 15.9 0.01 0.41
4 2011 5 219 441 31.014286 1020.042857 6.3 18.1 0.06 0.42
5 2011 6 15.1 450 31.371429 1015.857143 6.5 210 0.00 0.43

Figure 1. Preprocessed Dataset

The raw data includes features:
highest
weekly lowest temperature, weekly

weekly temperature,

average temperature, weekly sea
level pressure, weekly max wind

speed, weekly minimum weed

speed, weekly average wind speed,

weekly average uv time, weekly

average precipitation.
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Figure 3. Correlation heatmap of features and influenza infections

We adopt five models to do the prediction.

1. Linear Regression:
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We set bootstrap=True and n_estimators=100.

2. Random ForestRegression:

3. Gradient Boost:
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Given a point x, we will choose K nearest points from dataset and have a vote

among them to decide the prediction.

Our network consists of one input
R < »_:;;)O layer and two hidden layer and the

. output layer. We use relu as activation
output layer
U function. And epoch=20000.
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* OQOverall, all the models predict
the outbreak of influenza

successfully.
e Gradient Boosting has the best

%f
# s result on testset.
Flgure 4, Predlctlons for models

_ Training Data(332 weeks) | Testing Data(83 weeks)

Linear Regression 558.823 1403.405

Random Forest 222.476 1461.625

Gradient Boosting 169.714 1392.070

KNN(k=2) 601.175 1500.434

DNN 527.139 1470.413
Table 1. RMSE of training data and testing data

Linear Regression model, using the combination of all the features, is a simple
but effective way in predicting. For that flu infection is the result of interaction
of weather features, KNN model, which is based more on similarity, is not very
suitable for this case. Compare with the result of random boosting, we can find
that random forest is much easier to tune and harder to overfit.

Our weather data are regularly changing with seasons changing, which likes the
data are combined by several lines just with positive or negative slopes and
linearly at every small locality. Then, during reading references, we find the New
York City is a typical temperature city where the UV radiation and precipitation
play the significant role. So we use the models to test and train the data without
UV radiation and precipitation respectively, the consequence shows that the
RMSE without UV/Precip is four times of the RMSE with UV/Precip, which
agrees with the reference and we approve these by using the machine learning.

We will use universal weather data,

stations’ data, and using the longer span of year, or do more literature research

like finding different meteorological

to find a better way, to do test. Besides, we will also improve our model and try
several new models to see the consequence which is more reasonable.
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