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ACKGROUND CONTEXT: There is considerable variability in patient-reported outcome meas-

ures following surgery for lumbar disc herniation. Individualized prediction tools that are derived

from center- or even surgeon-specific data could provide valuable insights for shared decision-making.

PURPOSE: To evaluate the feasibility of deriving robust deep learning-based predictive analytics

from single-center, single-surgeon data.

STUDY DESIGN: Derivation of predictive models from a prospective registry.

PATIENT SAMPLE: Patients who underwent single-level tubular microdiscectomy for lumbar

disc herniation.

OUTCOME MEASURES: Numeric rating scales for leg and back pain severity and Oswestry

Disability Index scores at 12 months postoperatively.

METHODS: Data were derived from a prospective registry. We trained deep neural network-

based and logistic regression-based prediction models for patient-reported outcome measures. The

primary endpoint was achievement of the minimum clinically important difference (MCID) in

numeric rating scales and Oswestry Disability Index, defined as a 30% or greater improvement

from baseline. Univariate predictors of MCID were also identified using conventional statistics.

RESULTS: A total of 422 patients were included (mean [SD] age: 48.5 [11.5] years; 207 [49%]

female). After 1 year, 337 (80%), 219 (52%), and 337 (80%) patients reported a clinically relevant

improvement in leg pain, back pain, and functional disability, respectively. The deep learning models

predicted MCID with high area-under-the-curve of 0.87, 0.90, and 0.84, as well as accuracy of 85%,

87%, and 75%. The regressionmodels provided inferior performancemeasures for each of the outcomes.

CONCLUSIONS: Our study demonstrates that generating personalized and robust deep learning-

based analytics for outcome prediction is feasible even with limited amounts of center-specific

data. With prospective validation, the ability to preoperatively and reliably inform patients about

the likelihood of symptom improvement could prove useful in patient counselling and shared

decision-making. © 2018 Elsevier Inc. All rights reserved.
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Introduction with radiologically confirmed single-level LDH and
Although discectomy is an effective treatment for lum-

bar disc herniation (LDH) [1−7], there is still a subset

(20%−30%) of patients who do not benefit from surgery.

Few reliable radiological or clinical predictors of poor

long-term outcomes following discectomy have been iden-

tified [5,8], and the integration of a range of known risk

factors into a clinical decision is often impractical and quite

speculative. Prediction tools for patient-reported outcomes

can improve shared decision-making and patient counsel-

ing, when deciding to opt for surgery or not, and could

possibly even improve cost-effectiveness of LDH treatment

[9−13].
Machine learning (ML) techniques have gained interest

for predictive analytics in medicine [14]. Various ML tech-

niques such as gradient boosting machines, decision trees,

random forests, and simple neural networks have provided

increased predictive ability compared to more traditional

modeling techniques [14−16]. Through the use of multiple

layers of representation, instead of just a single one, deep

neural networks have the ability to reduce complex prob-

lems and relationships into multiple simpler ones. Deep

learning is a particularly effective ML method in medical

image analysis, outcome prediction, genomic analysis, and

drug discovery [17], but has not been widely applied yet in

surgical spinal patient care [15].

Predictive analytics are often derived from multicen-

ter data, with the advantage of large sample sizes and

high generalizability. Such models are useful to clini-

cians around the world, but carry an inherent trade-off

in center-specific prediction accuracy, as surgeons in

one center will have different patient demographics and

selection criteria, surgical technique, complication pat-

terns, and outcomes, than in another [1,18−21]. With

the advent of new techniques and big data-driven collec-

tion of patient data [22,23], it is conceivable that any

center, or surgeon, would be able to train and apply a

personalized prediction tool [20,21,23]. Therefore, the

objective of this study was to evaluate the possibility of

accurately predicting outcomes following lumbar discec-

tomy, based on deep learning, applied to a limited

cohort of prospectively collected data from a single

center.
Methods

Patient population

From a prospective institutional registry of spinal

interventions, we identified all patients who had under-

gone lumbar microdiscectomy between November 2013

and April 2018 at a single Dutch spine center. All

patients underwent single-level tubular microdiscectomy

by the senior author (MS) according to a validated proto-

col [2,24]. Patients were only considered for surgery
failed conservative management for more than 8 weeks.

Adult patients who had a complete baseline and 12-

months’ patient-reported outcomes (PROM) record, as

well as ≥80% demographic data completion, were

included in this study. This study was devised and

reported according to the transparent reporting of a mul-

tivariable prediction model for individual prognosis or

diagnosis statement [25]. All the patients included in the

registry provided written informed consent. The prospec-

tive registry was authorized by the local institutional

review board (Medical Research Ethics Committees

United, Registration Number W16.065), and this study

was carried out in accordance with the 2013 Declaration

of Helsinki.
Data collection

Clinical and radiological baseline data were obtained at

the first outpatient visit to the treating surgeon. Patients

underwent magnetic resonance imaging and a full clinical

workup. The 20 collected variables consisted of baseline

PROM, as well as gender, age, height in centimeters (cm),

weight in kilograms, body mass index, smoking status

(active/inactive), alcohol consumption (regularly/not regu-

larly), recreational drug use (yes/no), American Society of

Anesthesiologists grade, prior discectomy at the index level

(yes/no), index level, location of the herniation (left/right/

midline/bilateral), classification as a far-lateral or seques-

tered herniation (yes/no), classification as a broad bulging

disc without annular rupture compressing nerve roots (yes/

no), presence of stenosis or spondylolisthesis at the index

level (yes/no). Only clinically relevant stenosis and spondy-

lolisthesis at the index level were captured.

For baseline PROM measurement, patients completed a

standardized questionnaire including numeric rating scales

(NRS) for back pain and leg pain severity, ranging from 0

to 10, and a validated Dutch version of the Oswestry Dis-

ability Index (ODI) to capture functional disability, ranging

from 0 to 100, with higher values representing increasing

severity [26]. All PROM data were collected using a vali-

dated web-based PROM assessment tool [27]. We defined

clinical success as achievement of the minimum clinically

important difference (MCID) threshold set by Ostelo et al.

at the 1-year postoperative follow-up [28]. Thus, an

improvement from baseline of greater or equal than 30% at

the 12-months’ follow-up represented clinical success in

functional disability (ODI) or pain scores (NRS). The pri-

mary endpoint for this study was Achievement of MCID in

leg pain at 1 year.
Statistical analysis

Continuous data are given as mean § standard deviation,

and categorical data as numbers and percentages. The effect

of the preoperative variables on clinical success was



Fig. 1. Flowchart demonstrating the patient selection process for this

study.

PROM, patient reported outcome measure.
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quantified using Welch’s two-sample t tests and Pearson’s

x2 tests. Here, we controlled the false discovery rate using

the correction described by Benjamini and Hochberg [29].

Intergroup differences and their 95% confidence intervals

(CI) are provided.

Before modeling, missing demographic data, which

were assumed to be missing at random, were imputed using

predictive mean matching in a single imputation procedure

[30]. As considerable class imbalance of around 80%/20%

was present, we applied the synthetic minority oversam-

pling technique to ensure robustness of our models [31].

For internal validation, data were randomly split into train-

ing, validation, and test sets in a 60%/20%/20% ratio. Deep

feedforward artificial neural networks were built and

trained in Keras with a TensorFlow (Google Brain Team,

Mountainview, CA, USA) backend [32]. We implemented

batch normalization, as well as random dropout to prevent

overfitting, whenever necessary [33,34]. Three separate

models for functional disability, back pain, and leg pain,

were constructed. A range of models were trained by

hyperparameter grid search, and continually evaluated on

the validation set. The three most robust models, based

on area under the receiver operating characteristics curve

(AUC) analysis, were chosen as the final models, and

subsequently evaluated on the test set. Performance

measures were calculated from the resulting confusion

matrices. We also trained logistic regression models on

the same dataset. All analyses were carried out in R ver-

sion 3.4.4 (The R Foundation for Statistical Computing,

Vienna, Austria). A two-tailed p ≤ .05 was considered

statistically significant.

Results

During the study period, 2,695 patients underwent dis-

cectomy at our center, of whom 441 correctly returned all

baseline and all 1-year PROM questionnaires. Of these, 19

had more than 20% missing baseline data, and were

excluded. Finally, 422 patients were included in this study

(Fig. 1). Detailed baseline characteristics are provided in

Table 1.

Patient-reported outcome measures

At baseline, unadjusted NRS for leg pain severity aver-

aged 7.3 § 2.1, while NRS for back pain severity was at

5.3 § 2.8, and ODI at 47.4 § 18.5. During the first postop-

erative year, leg pain improved by a mean of 5.0 (95% CI:

5.3−4.7) to a 1-year measurement of 2.3 § 2.8. Similarly,

back pain on average improved by 2.0 (95% CI: 2.4−1.7)
to a final value of 3.2 § 2.8. Functional disability as mea-

sured by the ODI decreased by 31.3 points (95% CI: 33.5

−29.1) to 16.1 § 17.0 points. In terms of MCID, 337

(80%) patients reported a relevant improvement in leg

pain severity at 1 year, while 219 (52%) and 337 (80%)

reported improvement in back pain and functional disabil-

ity, respectively.
Univariate predictors

The association of baseline variables with postoperative

outcome was assessed using conventional statistical meth-

ods (Table 1). After correction for multiple testing, female

gender, lower age, greater height, American Society of

Anesthesiologists grade 1, absence of stenosis at the index

level, absence of a bulging disc as the cause for symptoms,

and greater baseline leg pain severity on the NRS scale

were significantly associated with clinically relevant

improvements in leg pain. Similarly, greater preoperative

NRS back pain and ODI scores were related to improve-

ment in back pain. Greater height and ODI scores were the

only factors that were associated with achievement of

MCID in functional disability.

Model development and validation

After extensive training and hyperparameter optimiza-

tion, powerful deep learning and logistic regression models

were arrived at. Performance, as measured on the test set

and thus on data previously unknown to the model, was

used for internal validation. Comparative model perfor-

mance in terms of AUC on the test set for each of the three

outcome measures is illustrated in Fig. 2.

Achievement of MCID in leg pain severity at 1 year, the

primary endpoint, was predicted by the deep learning

model with an AUC of 0.87, as well as an accuracy, sensi-

tivity, and specificity of 85% (Table 2). In comparison, the



Table 1

Baseline patient characteristics. Values are provided for the overall cohort, as well as stratified by achievement of clinical success in the three outcome measures at 1 year. Clinical success was defined as a ≥30%
improvement from baseline

Variable Overall Leg pain Back pain Functional disability

N = 422 MCID N = 337 Non-MCID N = 85 p MCID N = 219 Non-MCID N = 203 p MCID N = 337 Non-MCID N = 85 p

Demographic

Female gender, n (%) 207 (49) 154 (46) 53 (62) 0.049* 103 (47) 104 (51) 0.62 161 (48) 46 (54) 0.60

Age, mean § SD [y] 48.5 § 11.5 47.6 § 11.5 52.0 § 11.0 0.009* 49.2 § 11.5 47.8 § 11.5 0.49 48.5 § 11.3 48.8 § 12.5 0.93

Height, mean § SD [cm] 177.6 § 9.7 178.4 § 9.4 174.4 § 9.9 0.009* 178.4 § 9.4 176.7§ 9.9 0.27 178.3 § 9.5 174.5 § 9.7 0.015*

Weight, mean § SD [kg] 80.6 § 11.8 81.1 § 12.1 78.6 § 10.3 0.21 81.4 § 12.8 79.7 § 10.5 0.34 81.1 § 12.0 78.8 § 10.6 0.28

BMI, mean § SD [kg/m2] 25.6 § 3.2 25.5 § 3.1 25.9 § 3.5 0.51 25.6 § 3.4 25.6 § 3.1 0.99 25.5 § 3.1 25.9 § 3.5 0.51

Active smoker, n (%) 137 (32) 106 (31) 31 (36) 0.62 68 (31) 69 (34) 0.74 101 (30) 36 (42) 0.17

Regular alcohol consumption, n (%) 221 (52) 177 (53) 44 (52) 0.99 112 (51) 109 (54) 0.79 175 (52) 46 (54) 0.92

Recreational drug use, n (%) 12 (3) 12 (4) 0 (0) 0.39 8 (4) 4 (2) 0.62 8 (2) 4 (5) 0.62

ASA grade 1, n (%) 246 (58) 209 (62) 37 (44) 0.018* 119 (54) 127 (63) 0.32 202 (60) 44 (52) 0.49

Disease-specific

Prior discectomy, n (%) 47 (11) 38 (11) 9 (11) 0.99 20 (9) 27 (13) 0.49 33 (10) 14 (16) 0.33

Index level L5-S1, n (%) 205 (49) 162 (48) 43 (51) 0.89 112 (51) 93 (46) 0.56 160 (47) 45 (53) 0.62

Midline herniation, n (%) 22 (5) 15 (4) 7 (8) 0.51 13 (6) 9 (4) 0.78 16 (5) 6 (7) 0.72

Far-lateral herniation, n (%) 13 (3) 12 (4) 1 (1) 0.62 8 (4) 5 (2) 0.79 12 (4) 1 (1) 0.62

Spondylolisthesis, n (%) 22 (5) 15 (4) 7 (8) 0.51 14 (6) 8 (4) 0.60 16 (5) 6 (7) 0.72

Stenosis, n (%) 56 (13) 34 (10) 22 (26) 0.004* 29 (13) 27 (13) 0.99 40 (12) 16 (19) 0.34

Sequestered herniation, n (%) 79 (19) 60 (18) 19 (22) 0.62 41 (19) 38 (19) 0.99 62 (18) 17 (20) 0.93

Bulging disc, n (%) 19 (5) 9 (3) 10 (12) 0.009* 8 (4) 11 (5) 0.70 12 (4) 7 (8) 0.33

NRS leg pain, mean § SD 7.3 § 2.1 7.5 § 1.8 6.3 § 2.6 <0.001* 7.4 § 2.0 7.1 § 2.1 0.31 7.4§ 2.1 6.8 § 2.0 0.12

NRS back pain, mean § SD 5.3 § 2.8 5.1 § 2.9 5.8 § 2.4 0.17 6.3 § 2.4 4.1 § 2.8 <0.001* 5.1§ 2.9 5.7 § 2.4 0.27

ODI, mean § SD 47.4 § 18.5 47.8 § 18.8 45.6 § 17.0 0.55 50.0 § 18.5 44.6 § 18.0 0.018* 49.0 § 18.4 41.2 § 17.5 0.006*

MCID, minimum clinically important difference; SD, standard deviation; BMI, body mass index; ASA, American Society of Anesthesiologists; NRS, numeric rating scale; ODI, Oswestry Disability Inde.
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Fig. 2. Plots illustrating the comparative area under the receiver operating

characteristics curve (AUC) performance of deep learning and logistic

regression on the test set.

A clear improvement in performance can be observed for leg pain (A)

with AUC values of 0.87 and 0.78, back pain (B) with 0.90 and 0.55, and

functional disability (C) with 0.84 and 0.72 for deep learning and logistic

regression, respectively.
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logistic regression model scored an AUC of 0.78, accuracy

of 68%, sensitivity of 55%, and specificity of 77%.

In terms of functional disability as measured by ODI, the

deep learning and logistic regression attained AUC values

of 0.84 and 0.72, and accuracy of 75% and 59%, respec-

tively. The greatest discrepancy in performance measures

was observed in the models predicting back pain improve-

ment. Here, deep learning achieved an AUC of 0.90 and

accuracy of 87%, while the logistic regression model

attained an AUC of 0.55 and accuracy of 58%. Results of

the deep learning models applied to hypothetical patients

are provided in Table 3. Fig. 3 illustrates correlation-based

variable importance for each of the machine learning-based

models [35].

Discussion

Clinical practice and research are increasingly shifting

from surrogate markers of treatment success, such as radio-

logical outcomes, towards value-based care with a focus on

PROM. We demonstrate that derivation of an accurate per-

sonalized prediction tool is possible even from a small sin-

gle-center cohort by applying advanced ML methods. The

models appear to outperform logistic regression, which was

used as a proxy for more conventional statistical models,

by a relevant margin. The ability to preoperatively and reli-

ably inform patients about the likelihood of symptom

improvement could prove useful not only in patient

counseling and shared decision-making, but also in improv-

ing cost-effectiveness of LDH treatment.

Clinical utility of prediction models

There is considerable variability in indications, patient

selection, surgical techniques, and outcomes in elective sur-

gery for LDH [2−5,8]. This variability contributes to a con-
siderable lack of predictability in clinical outcome, often

leading to unsatisfactory outcomes and reoperations for

failed back surgery syndrome or recurrent LDH, both of

which lead to substantial added health-care utilization and

costs [36]. We identified factors univariately associated

with 1-year PROM in our cohort. Most importantly, we

found that patients with a worse preoperative status were

more likely to improve. Even this intuitively convincing

notion is not consistently supported as a reliable predictor

in the literature [5,8]. Integrating the multitude of outcome

predictors described in the literature into daily clinical prac-

tice is not always feasible. Subsets of patients who benefit

more or less from surgery do, however, exist and are often

hard to identify.

Clinical prediction models can provide valuable insights

to physicians [9−13,16]. As opposed to informing patients

about a generalized treatment success rate, based on histori-

cal published data, they derive likelihoods of improvement

at an individual level, and provide results that are equally

interpretable by patients and clinicians. If consistently

used, they have the potential to lower the proportion of



Table 2

Performance measures of the deep learning and logistic regression models for clinical success. Final performance was assessed on the separate test set

Performance measure Leg pain Back pain Functional disability

Deep learning Regression Deep learning Regression Deep learning Regression

AUC 0.87 0.78 0.90 0.55 0.84 0.72

Accuracy 85% 68% 87% 58% 75% 59%

Sensitivity 85% 55% 96% 41% 86% 52%

Specificity 85% 77% 74% 70% 60% 75%

PPV (precision) 90% 60% 84% 49% 75% 57%

NPV 79% 73% 92% 63% 76% 71%

F1 score* 0.87 0.57 0.90 0.45 0.80 0.54

AUC, area under the curve; PPV, positive predictive value (precision); NPV, negative predictive value.

* The F1 score is a composite score, and represents the harmonic mean of precision and sensitivity.
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patients undergoing surgery to no avail, subsequently

avoiding complications and reoperations. Comprehensive

personalized risk profiles generated using our clinical pre-

diction tool may possibly even help hospitals gain insights

into their own cost-effectiveness and ways to avoid unnec-

essary surgery, based upon their individualized predictive

analytics.

Clinical prediction tools should however, not be used as

absolute indicators of surgical success. Instead, they should

be integrated within the day-to-day routine and adopted as

an adjunct to surgeon experience and real-time interper-

sonal judgement. As such, they may enable more personal-

ized informed decision-making. It is even conceivable that

in some cases unfavorable patient characteristics identified

by a prediction tool could be preoperatively modified to

result in a higher likelihood of improvement.[13] Azimi et

al. constructed the only previous ML model on outcomes

after discectomy [16]. However, they used shallow neural

networks instead, and predicted Macnab criteria with an

AUC of 0.82. In addition, they reported that their logistic

regression model performed worse than their ML model. In
Table 3

Results obtained after applying the deep learning models on five hypothetical patie

Patient characteristics Patient 1 Patient 2

Age [y] 65 25

BMI [kg/m2] 30 22

Gender Female Female

ASA score 2 1

Smoking status Nonsmoker Nonsmok

Prior discectomy at index level No No

Sequestered disc herniation No Yes

Preoperative status

NRS leg pain 8 8

NRS back pain 3 3

Oswestry disability index 50 30

Predicted likelihood of achieving MCID*

Leg pain [%] 60 74

Back pain [%] 4 0

Functional disability [%] 87 12

BMI, body mass index; ASA, American Society of Anesthesiologists; NRS, nu

* The MCID was defined as a ≥30% improvement from the baseline to the 1-
contrast to our study, Azimi et al. had access to a consider-

ably smaller patient cohort, did not specify any measures

taken against overfitting, and did not apply disease-specific

PROM.
Personalized prediction models

Most outcome prediction models are derived from multi-

center data. This leads to models that are widely used,

highly generalizable, and with decent accuracy on external

data, but at the cost of personalized accuracy. They usually

also require elaborate and expensive prospective data col-

lection with large sample sizes. This trade-off is attributable

to the fact that surgeons in a particular center are exposed to

different patient demographics, implement different diag-

nostics, selection criteria, guidelines, and surgical techni-

ques, and achieve different complication patterns and

clinical outcomes. Still, this is currently the preferred

approach to predictive analytics. One reason is that some

centers and clinicians would rather employ a validated,

published multicenter model than to go through the efforts
nts

Patient 3 Patient 4 Patient 5

25 55 55

30 25 25

Male Female Male

1 1 1

er Active Nonsmoker Active

No Yes Yes

No No No

5 9 8

3 3 8

30 30 75

68 99 83

0 0 100

16 84 83

meric rating scale; MCID, minimum clinically important difference.

year measurement.



Fig. 3. Plots for leg pain (A), back pain (B), and functional disability (C) illustrating correlation-based variable importance in the machine learning-based

models. Variable importance was obtained by correlation of input variables with the predicted labels on the training set.

ODI, Oswestry Disability Index; NRS, numeric rating scale; ASA, American Society of Anesthesiologists; BMI, body mass index.
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of creating their own, personalized ML-based prediction

tool from their own data. However, ML-based modeling is

nowadays more accessible than ever. A range of industry-

grade tools are freely and widely available, and any clini-

cian with sufficient data, a computer, and the required back-

ground knowledge in biostatistics and data science could

produce their own, individualized predictive analytics, as

our study demonstrates.

On the other hand, individual centers or clinicians may

also opt to train specific prediction tools based on data rep-

resentative of their own patient cohort and clinical routine

for optimal results. Retrospective data are often readily

available. We demonstrate that center-specific modeling

and internal validation based on advanced ML methods is

feasible even with only a few hundred retrospectively col-

lected patients. With the advent of the “big data” era, where

large amounts of data and outcomes are automatically

tracked, as well as the increase in computing power avail-

able to most clinicians, this type of personalized predictive

modeling may soon become commonplace [22,23]. In the

future, it may even become feasible for clinicians without

any knowledge of ML to automatically obtain accurate,

personalized prediction models tailored to their own data.

Our findings could encourage surgeons to create personal-

ized algorithms, tailored to their clinical practice, and to be

used only by them.

The major issue with personalized prediction tools is

overfitting. Overfitting occurs when a model adjusts too

closely to training data, and subsequently demonstrates

poor performance on new data. This is because, during

overfitting, the model starts memorizing specific training

observations, without actually extracting generalizable rela-

tionships between variables. Due to the nature of personal-

ized, center-specific prediction tools, external validation is

not always the most useful method for estimation of out-of-
sample error for these models, as this would not correspond

to the intended use of such individualized predictive mod-

els, which is to be applied to future patients from the same

center. Instead, prospective internal validation would be the

method of choice, since this represents the actual clinical

use of such tools. Internal validation enables quantification

of overfitting. In addition, some ML methods integrate spe-

cific tools to reduce overfitting. For deep learning, we

applied the dropout technique, which has been shown to

effectively minimize overfitting [33].

Ultimately, a prediction tool can only be as good as the

inputs provided to it. While we included a range of clinical

and demographic baseline data, we did not include neuro-

logic deficits, duration of symptoms, or baseline anxiety

and depression scores, which may affect the likelihood of

improvement after surgery. Furthermore, intra- and periop-

erative parameters, such as complications, could improve

model performance. However, including data that are not

available preoperatively would defeat the purpose of a pre-

diction tool for use in clinical shared decision-making.

Rather, separate models incorporating these intra- and peri-

operative data for a refined prediction at discharge would

be valuable.
Limitations

Although all data was obtained from a prospective regis-

try, selection bias cannot effectively be ruled out, and the

methodology was not prospectively decided upon. The data

that was used for training the models in our study was

derived from a prospective single-center registry. Our

model may only be accurate in patients undergoing tubular

microdiscectomy. The findings of our univariate analysis of

factors associated with outcomes may be biased by con-

founders. Furthermore, comorbidities such as diabetes and
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cardiovascular disease were not available as inputs. The

decision of good vs. bad outcomes was based on MCID, a

commonly used metric [28]. However, other metrics such

as substantial clinical benefit (SCB) or even patient satis-

faction would certainly result in different analytics. Our

models do not include measures of quality of life and objec-

tive functional impairment. Lastly, further supervised train-

ing with a larger sample, or semisupervised training that

integrates unlabeled data are likely to improve robustness

and accuracy [37]. This would allow reducing the amount

of required input variables and construction of a simpler

model more suitable for clinical practice.

Conclusions

We have created a preoperative clinical prediction

model for patients’ individual likelihood of improvement in

leg pain, back pain, and functional disability after surgery

for lumbar disc herniation. Clinical prediction tools have

the potential to improve personalized shared decision-mak-

ing. Our study demonstrates that constructing and internally

validating a center- or even surgeon-specific model for out-

come prediction is feasible with relatively small amounts of

data by applying deep learning. In the “big data” era, this

personalized approach may become a standard for predic-

tive analytics.
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